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Abstract
LAUREN R. HELLER: The Relationship Between Location and Early
Childhood Health Choices Among Urban Residents of Bangladesh.
(Under the direction of Dr. John Akin.)
The upward trends in both the quantity and relative proportions of slum residents in de-
veloping countries have led to international health concerns, including the impact of slum
residency on health behaviors. Measurement of these impacts, however, requires recognizing
that the unobservable household characteristics that affect the location decision may also af-
fect health care choices and health outcomes. To address the potential bias resulting from this
pattern of causality, this research models the decision to locate in a particular area and the
household’s demand for maternal and child health services simultaneously. It uses a unique
urban data set from Bangladesh that incorporates sophisticated geographical mapping tech-
niques to carefully delineate between slum and non-slum areas at a particular point in time.
The estimation method allows for correlation across outcomes using a flexible, semi-parametric
approach to the modeling of unobserved heterogeneity. The results suggest that accounting for
the endogenous location decision of a family substantially reduces bias in estimated marginal
effects of slum residence on preventive care demand. While community infrastructure variables
appear correlated with preventive care demand, the causal effect of the availability of primary
health care facilities is indistinguishable from zero when unobserved heterogeneity is taken
into account. The research also incorporates endogenous fertility into the analysis in order
to account for potential interactions between the quantity and quality of child health inputs.
When accounting for fertility decisions, the results support the initial findings pertaining to
community infrastructure but complicate the interpretation of the relationship between slum
residence and investments in child health.
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Chapter 1
Introduction
1.1 Motivation and Overview
By the year 2020, the urban population of developing countries will surpass rural populations
for the first time in history, a trend that persists when looking at the entirety of the world
population (United Nations Department of Economic and Social Affairs, 2008).1 Much of the
urbanization of the developing world has occurred, not through differing rates of population
growth as might be expected, but through increases in rates of rural to urban migration. As de-
veloping countries are affected by globalization, rural inhabitants are abandoning agricultural
work to seek higher wages in cities.
Concurrent with this trend is the growth of urban slums. These slums can vary from small
groups of dilapidated housing to enormous areas with large populations within cities. Nowhere
are the causes and consequences of migration and urban growth more readily observed than
in Bangladesh. Rapid growth of the commercial and manufacturing sectors in the country,
especially in the areas of garment production and processing, has led to an influx of both
male and female migrants to urban areas in search of employment (Afsar, 1998). This is
especially true in Dhaka, Bangladesh’s largest city, where in-migration contributes to a larger
share of population growth than natural increases in population resulting from new births
(Caldwell et al., 2002). Infrastructure development in Bangladesh has not kept pace with
1Other projections indicate that urban populations will overtake rural ones even sooner. In fact, according
to some sources, this could have already taken place (Martine et al., 2007).
this urbanization, resulting in the rapid growth of slums and informal squatter settlements.
Approximately one third of the population of Dhaka currently resides in slums or squatter
settlements, while similar patterns can be observed across the country (Hossain, 2007).
The upward trends in both the quantity and relative proportions of slum residents among
developing country populations have brought the potential health impacts of slum life into
greater focus among NGO’s and governmental relief agencies. Child health is a particularly
important issue in urban areas, as children are an extremely large component of new city
growth. Estimates suggest that as many as 60% of all urban residents will be under the age
of 18 by 2030, and that if drastic action is not taken soon, these children will likely face even
greater health risks than their parents (Tulchin et al., 2003).
Preventive care measures are one of the most important ways to address this issue among
poor urban populations. Until recently, however, formal analysis of these impacts has not
been pursued in great detail by international health and development economics researchers.
Accordingly, while there are a significant number of descriptive papers comparing the out-
comes of slum and non-slum residents, few attempts have been made to specifically model the
decision to locate in a particular urban environment as it relates to subsequent health care
choices. If there are unobservable characteristics affecting the location decision that are also
correlated with health care choices and outcomes, then any descriptive work that compares
these populations without accounting for slum selection will suffer from the potential for bias.
To overcome this obstacle, this dissertation attempts to uncover the relationship between
location and preventive care decisions in order to understand the complex interactions between
place of residence and health among urban populations of developing countries. By carefully
modeling the endogenous decision to locate in a particular area and neighborhood type, one
can uncover the effects that this choice has on preventive care decisions and future child
health outcomes. Rather than treating individuals as powerless recipients of their own living
conditions, this paper respects the role of slum and non-slum dwellers as rational agents who
logically make both location and medical care decisions with respect to the future health and
well-being of their families. As such, the simultaneous modeling and estimation of location and
preventive care choice empowers residents of these communities by recognizing the importance
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of their own decisions and the consequences these decisions may have on subsequent health
and utility.
In pursuit of this goal, the dissertation will proceed as follows. Section 1.2 reviews the
literature on choice of residence, preventive care, and the unique aspects of urban and child
health, especially as it applies to Bangladesh and the broader geographic region of South
Asia. Section 1.3 continues by describing the data that will be used in subsequent chapters.
Chapters 2 and 3 each begin by outlining a theoretical model which serves as a basis for
empirical modeling and estimation, and then proceed to derive estimation equations from
which the theoretical assumptions can be tested. Subsequent sections in each chapter explain
the proposed estimation strategy, and present the results of the simultaneous equations models.
The dissertation concludes by discussing the implications of the results and planned future
work.
1.2 Background and Literature Review
Many of the same issues that perplex health economists and policy makers in rich countries
are also endemic to the developing world. There are, however, quite a few issues pertaining
to the provision of health services that uniquely apply in an international context. One of
the most obvious issues relating to health care in lesser developed countries (LDC’s) is the
difference in the provision and willingness to pay for health services. While health expenditures
for a citizen of the United States average over six thousand dollars per year, a typical resident
of Bangladesh spends about 772 taka, or the equivalent of 12 U.S. dollars, on health-related
goods (World Health Organization, 2008). This difference is striking, even after accounting
for purchasing power parity and the skewness of the distribution of health expenditures.
The mechanisms of health care delivery in Bangladesh also differ somewhat from Western
nations and other countries in South Asia. Indigenous and homeopathic medicine constitutes
a large proportion of the Bangladeshi health care market. The medical training and quality
of treatment provided by these types of practitioners varies widely, and payment for such
services is predominately handled through the private sector. Additionally, in contrast to the
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health care systems of many LDC’s and much of Western Europe, non-governmental suppliers
dominate the country’s market for both preventive and curative care services. This market
includes both non-profit and for-profit firms, and differs widely according to the quality of
services offered and out of pocket costs (Vaughan et al., 2000). Though many primary health
services and medicines are pecuniarially free, many drugs in these facilities are unavailable
unless purchased privately. For this and other reasons, a large portion of the population
utilizes both traditional and “modern” providers of private care, which accounts for the small
share of public sector payments in out of pocket medical expenditures (Van Doorslaer et al.,
2007).
Unlike other countries in South Asia, the prevalence of publicly provided health insurance
in Bangladesh is quite low, and if present, limited to a select number of geographic areas
(World Health Organization Regional Office for Southeast Asia, 2004). The predominance of
the private sector in Bangladesh highlights the importance of research into the role of individual
health and location choice, because the willingness to pay for health services is not as diluted
by the existence of a large health insurance market or by the excessive “crowding out” of the
private sector from government intervention relative to many other industrialized nations.
1.2.1 Urban Health
The vast increase in rural to urban migration noted in the introduction informs the scope of
this paper, which focuses on slum and non-slum areas within the six major urban centers of
Bangladesh. Issues specific to urban health are often quite different from the health concerns
facing rural communities and villages. While barriers to seeking care in rural areas might be
primarily geographic, the increased concentration of hospitals and other medical providers in
urban areas make time constraints with respect to distance less of an issue. This “urban bias”
with respect to the distribution of hospitals is common in developing countries, and has also
been noted elsewhere in South Asia.2 In addition to geographic advantages, the economies of
scale associated with the provision of health services in dense populations would lead one to
2See, for example, Chaudhuri and Roy, 2008.
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expect greater choices and “access” to care among city dwellers.
Unfortunately, the growth of slums in urban areas and the unique health obstacles facing
slum residents often eliminates any advantages stemming from economies of scale and the
“urban bias” in hospital distribution. For example, even though urban children are generally
closer to primary health care facilities in developing countries, children in slum households
have been observed to experience similar mortality rates to children from rural areas (Martine
et al., 2007). Possible mechanisms by which to explain this effect have included poor water
quality and sanitation conditions generally associated with slums, increased population den-
sities associated with the spread of communicable diseases, and a lack of nutrition commonly
associated with the poverty of slum residents. A descriptive paper by Armida Fernandez and
coauthors in 2003 reiterates these concerns, and specifically outlines the unique child health
care utilization issues facing slum residents (Fernandez et al., 2003). While a variety of com-
parative evidence has been put forth to demonstrate these effects, very little work has been
done to account for the observable and unobservable characteristics relating to initial selection
into slums, and the causal mechanisms by which these characteristics operate.
In addition to urban-specific health concerns, improvements in child health are central
to the development of human capital and the overall success of developing countries in the
years to come. Improvements in infant and child health and reductions in child mortality
are so important, in fact, that they are cited as one of the five main strategic objectives for
the future in population, health, and nutrition by the United States Agency for International
Development, or USAID (Berman and Bossert, 2000). Focusing on health issues specific to
children remains an important area for ongoing research, and preventive care measures are one
of the most important ways to address this issue among poor urban populations.
1.2.2 Preventive Care
Unlike the large quantity of articles in international health that focus on curative health care
demand3, this research concentrates specifically on the provision of early childhood preventive
3See, for example, Dow, 1995; Van Der Stuyft et al., 1997; Akin et al., 1998; and Yount, 2004.
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health care services. Though preventive measures play an important role in maintaining health
stocks in both rich and poor countries, they are particularly important in developing countries.
A variety of cost-effectiveness analyses and studies of international health care demand since
the 1980s have emphasized the importance of preventive health care goods and controlling
preventable diseases as key prerequisites to improving the health of poor countries. A health
sector policy paper by the World Bank in 1980, for example, cited the emphasis on curative care
and the corresponding neglect of prevention and early treatment as a key problem in addressing
health care outcomes for the developing world (World Bank, 1980). Despite the increasing
recognition of the importance of preventive services since that time, currently much is left to
be done in the study of the provision of these types of health goods. An article by Prabhat
Jha and coauthors in 2002 indicated that while rich countries have largely implemented the
most effective child health interventions, such as universal vaccinations and perinatal care,
most of the poorest nations of the world still lack coverage in these areas. Recent work
has also emphasized the importance of encouraging preventive care in South Asia, arguing
that government health care budgets should be increasingly reallocated away from curative
procedures and towards preventive and long term care (Wu et al., 2008). Bangladesh is no
exception to this trend. By limiting the scope of the analysis to specific preventive care goods
which have already been recognized as cost effective tools in the improvement of child health,
this research can deepen the evaluation of the factors most instrumental to increasing their
utilization.
In addition to the importance of preventive care in improving health outcomes, there are
also great reasons to study these types of goods from an econometric standpoint. Because
the demand for curative health services in developing countries, such as a doctor’s visit for
the flu or oral rehydration salts for diarrhea-related illness, are usually only observable when
a child is sick, problems arise in estimation from the selection of these children into observed
illness. If unobservable factors influence a mother’s decision to report a child’s illness on a
household survey, for example, and these same unobservables also affect the decision to seek
treatment, then an estimation of the treatment decision that only uses children with reported
illness is likely to be biased. Similarly, a simple curative care demand equation that does not
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account for illness reporting will be unable to separate those who are not ill from those who
experience illness but do not purchase any curative care with which to alleviate their symptoms.
Researchers have gone to great lengths to account for these potential problems in estimation
(See Akin et al. (1998), and Gilleskie and Harrison (1998), for example), using information
on both health care providers and households in conjunction with instrumental variables to
correct for endogeneity. This is another reason why preventive care goods are particularly
appropriate to examine in this research, as their demand is not nearly as contingent upon a
particular level of health as is the case with curative care technologies. This allows the focus
of the work to remain on the selection of individuals into a geographic area rather than into a
particular health state.
Even though the paper has limited its focus to examining preventive care goods, there is
still a wide variety of such goods on the market. Unlike the abundance of choices in OECD
nations, however, the scope of possibilities for a citizen of the developing world is likely to be
much narrower. Hence, in keeping with this paper’s emphasis on cost-effective methods for
improvement in international health outcomes, the preventive care measures examined in the
current analysis will be limited to early childhood health interventions, specifically antenatal
and postnatal care.
Perinatal Care Visits
Antenatal (ANC) and postnatal care (PNC) visits for both mother and child have been shown
to be important determinants of early child mortality and future child health. While ANC
visits are instrumental in the detection and prevention of birth defects and other gestational
complications, PNC checkups are important for the treatment of complications arising from
delivery, especially for births that occur at home. These visits also allow for opportunities
to spread information about infant care to new mothers, and can thus provide a means by
which to improve child health over the life course. While ANC has been encouraged for
women in Bangladesh in recent years, less emphasis has been placed on postnatal checkups for
mother and child. This is exacerbated by the fact that cultural barriers within the country
still prevent many mothers and newborns from leaving the home for the first 40 days after
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delivery (National Institute of Population Research and Training (NIPORT) et al., 2008). An
increased utilization of these types of maternal and child health care services has been cited as
a key determinant of future improvements in neonatal survival within the urban environment
(Fernandez et al., 2003).
Other Preventive Care Interventions
While the scope of this work is limited to the examination of antenatal and postnatal care visits,
other preventive care interventions have also been shown to be effective tools for increasing child
health in developing countries. Many of these preventive care goods are often administered
during perinatal care visits, implying that a brief discussion of some of these goods is warranted.
Vaccination
The provision of basic vaccinations is probably the primary health care measure that is most
widely thought of when discussing international health. This is especially true in Bangladesh,
where the staggered implementation of Measles vaccination and other health measures in the
Matlab region beginning in 1982 led to a large number of studies on this topic (Razzaque and
Streatfield, 2002).
One of the most important types of vaccination in developing countries as it pertains to
infant health is the prenatal tetanus toxoid (TT) vaccine, administered to a mother while
her child is still in utero. This vaccine is instrumental in the prevention of neonatal tetanus,
a disease which is caused by unsanitary conditions at birth and results in the death over a
half million infants annually. TT immunization has been shown to be quite effective in the
prevention of deaths due to this disease, especially among infants in the first two weeks of life
(Koenig, 1992). Additionally, the nature of the timing for TT vaccination makes the potential
for a strong relationship between child health at the time of vaccination and the probability
of immunization receipt unlikely. It is recommended that a woman in Bangladesh receive two
doses of the TT vaccination over the course of her pregnancy in order for her child to be
fully protected against the disease. If a woman was fully vaccinated in a previous pregnancy,
however, she may only require only one dose during the current pregnancy (National Institute
of Population Research and Training (NIPORT) et al., 2008).
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Nutritional Interventions
A variety of studies have shown that proper nutrition is essential for long term health and
economic productivity. In countries like Bangladesh, a lack of red meat in the diet in conjunc-
tion with relatively large proportions of grains like rice lead to widespread iron deficiencies
(anemia) across the population. During pregnancy, iron deficiency is associated with multi-
ple adverse outcomes for both mother and infant, including an increased risk of hemorrhage,
sepsis, maternal and perinatal mortality, and low birth weight (World Health Organization,
2001). For this reason, iron supplementation during pregnancy, in the form of a tablet or
syrup, is encouraged to promote fetal health (NIPORT et al., 2008). Unlike other antenatal
interventions such as ultrasonography, an antenatal care visit is not necessarily a prerequisite
to obtaining iron supplementation (though iron is often administered as part of an overall
ANC “package”). For these reasons, iron supplementation may be an informative measure of
preventive care for both mothers and their children.
Professional Birth Attendants
Another type of preventive care that has been shown to be quite an important factor in
subsequent child health outcomes is the presence of a trained health professional at birth.
Women in Bangladesh generally give birth at home, often without the aid of a doctor, nurse,
professional midwife, or other attendant who is medically trained.4 Professional care has been
shown to be positively associated with later-life health outcomes for children. For example,
a paper by Elizabeth Frankenberg and coauthors in 2005 showed that the establishment of
a village midwife program in Indonesia led to increased nutritional status and height-for-age
among children who were served by the midwife, even after accounting for endogenous program
placement and community-level confounders.
All of the indicators described above have been shown to be effective in the prevention of
early childhood diseases and mortality in Bangladesh, and as such, are argued to be informative
4Often, women in Bangladesh utilize the assistance of an untrained birth attendant, or dai. The negative
health behaviors often associated with these types of attendants (forced gagging, pulling the umbilical cord to
remove the placenta, the use of injectable oxytocins to augment labor, etc.) make them unsuitable indicators of
medical care in this project (Fronczak et al., 2007). Given the wide range of services available, however, further
delineations pertaining to the efficacy of various health providers may be an interesting extension for future
work.
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measures of preventive care for consideration by this study and in future work.
Issues of Gender and Birth Order
When looking at differential inputs to child health, the issue of son preference remains an
important consideration in Bangladesh as in other areas of South Asia. This preference can
exist even before birth, as differential rates of infant mortality by gender have been well
documented (Gupta, 1987). Research specific to Bangladesh has found that sex discrimination
in child mortality and health outcomes is selective rather than due to systematic or cultural
differences in the treatment of children of different genders (Muhuri and Preston, 1991). In
general, sons may be preferred to daughters because of the expectation that they can provide
for parents in old age or during times of financial need, and thus serve as a type of insurance
against risk. On the other hand, girls may still retain some value in terms of home production
and in a more limited ability to provide for parents when needed. Research by Muhuri and
Preston has supported this assertion, showing that the majority of excess mortality faced by
girls can be attributed to the additional disadvantage of girls with sisters. Their results also
suggest that boys of higher birth order may also face discrimination, and that parents do not
use sons and daughters as perfect substitutes for each other (1991). This implies that a child’s
gender and birth order will be important considerations in a family’s preventive care decision.
1.2.3 Location Choice: Previous Responses to the “Slum Selection” Prob-
lem
While there are a plethora of descriptive papers and empirical papers studying the differences
in health outcomes across dwelling type5, very few attempts have been made to endogenize the
location decision as it relates to health care choice. This is especially true in the preventive
care and child health literature, where an individual or family’s choice of dwelling is often
treated as a somewhat random outcome, uncorrelated with unobservables and corrected with
the inclusion of exogenous regressors.
5See, for example, Panel on Urban Population Dynamics, 2003, and Hossain, 2007, among others.
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The paucity of research examining selection into slums does not imply, however, that it
has not been cited as an important direction for future research. For example, in a report
describing a recent household-level survey of a squatter settlement in Delhi, Sudesh Nangia re-
peatedly emphasizes that the decision to live in these areas is a distinct choice made by families
in response to costs and implicit subsidization of goods by the Indian government. Oftentimes
households choose to locate in these communities in order to be closer to non-governmental
organizations, government-subsidized facilities, and potential employment opportunities (Nan-
gia, 1995).
Though the existing research on location choice and dwelling type as it relates to preventive
health care is sparse, there are quite a few ways in which previous work has attempted, or
could attempt, to correct the slum selection problem. The most basic way to handle differences
between slum and non-slum residents as they relate to preventive care is perhaps to begin by
describing the situation at hand. There are a variety of formal papers as well as public sector
reports that accomplish this task quite well.6 These descriptive papers serve as a starting point
for further analysis, and emphasize the need to use both qualitative and quantitative techniques
to deconstruct the causal mechanisms through which location and health are related.
Another way to handle the relationship between location and health decisions is to in-
tentionally limit the environmental heterogeneity across the population sample of interest,
bounding the scope of the analysis to be conditional on residents of a very precisely defined
area, and thereby avoiding the problem completely. For example, some authors have attempted
to overcome the inherent bias from selection into slum communities by limiting their analysis
solely to either slum or non-slum domains. Unfortunately, in many cases these studies are
either plagued with other types of selection bias or limited in their applicability to the broader
development context. For example, in a 1998 study on the issues facing rural to urban mi-
grants in Bangladesh, the analysis is primarily limited to non-slum households in four wards
6One of the most thorough descriptions of the implications of recent demographic change for urban residents
as it pertains to health care is found in Cities Transformed, a collaborative work with many authors compiled
by the Panel on Urban Population Dynamics (2003). There are a variety of other works by the United Nations,
the World Bank, and other development and relief agencies that echo many of the important characteristics of
urban health described above.
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of Dhaka using data from electoral roles (Afsar, 1998).7 Though a geographically-conditioned
analysis benefits in some ways by not complicating issues of health demand with locational
concerns, it is unable to address many of the environmental issues associated with location
that may be incredibly important to the choices it examines.
Randomization
One way to overcome selection issues that has become quite popular in recent years is the use of
randomization in international health research. This method is often ideal when correctly im-
plemented, as a randomized study has the potential to provide an unbiased and internally valid
estimate of the impact of the “treatment” under examination (Duflo et al., 2006). Unfortu-
nately, because slum habitats cannot be randomly assigned in any ethical way, randomization
is generally not a feasible option in this context. Additionally, if parents adjust their health
input decisions in response to a hypothetically random assignment of dwelling type, then the
estimated impact of randomization could be convoluted with the effects of this parental re-
sponse. This issue has been noted elsewhere in the literature, for example, in relation to the
estimation of education production functions (Liu et al., 2010). It is worth noting, however,
that randomization strategies remain a valuable tool in other aspects of health economics
research.
Modeling Selection on Observables
Even though it is virtually impossible to randomly assign a “slum effect” to treatment and
control groups, there may be ways to identify the effects of location on health care choices
without resorting to such drastic measures. If people select into slums based upon character-
istics which are observable to the researcher, then the problem of a missing “control group”
can largely be handled econometrically.
If the differences with respect to health care between individuals living in one community
7Fifty slum households were added to this survey in a subsequent field visit, but no information is given
within the article as to how these slum households are selected. Additionally, if selection into voting and
inclusion on electoral rolls is not random, the study could still potentially suffer from selection issues.
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versus another are entirely based upon observables, then it may be possible to use simple
ordinary least squares techniques with standard error corrections in order to estimate these
types of models. For example, suppose that instead of creating a multiple equation model
(as will be demonstrated in subsequent chapters), one could create a multi-level model of
preventive care choice that explains the situation, where both individual and community-level
observables are included in the same equation. In this case it can be shown that, even if
observations across individuals from the same community are correlated with each other, then
one can still use OLS to estimate this model with corrected standard errors. In this case, more
complicated estimators will not be preferred, because their estimates will not be as robust
(Cameron and Trivedi, 2005).
The use of matching as a nonparametric way to model selection on observables has also
become quite popular in recent years, and can be used to estimate causal treatment effects
in cases where a treatment, treated group, and control group exist (Caliendo and Kopeinig,
2008). In this case, one could look at selection into slums as a “treatment”, and slum and
non-slum residents as treatment and control groups in order to estimate the average treatment
effect of slum life on preventive care choice.
There are several advantages to using matching to identify treatment effects in household
surveys when randomization or experimental data is unavailable. Assuming conditional inde-
pendence holds, then the difference in choices between two individuals who are alike in every
observable respect except for their living conditions (slum or non-slum, for example), can be
attributed to the “treatment” of slum life. In most cases, however, as the number of covariates
in this type of estimation becomes large, the number of possible matches grows exponentially.8
To solve this problem9, in a landmark 1983 paper, Rosenbaum and Rubin developed a method
of matching based on the estimation of a“propensity score”, or the conditional probability of
assignment to the treatment group based on the observed covariates (Rosenbaum and Rubin,
8If there are s dichotomous covariates, for example, the number of possible matches using this method will
be equal to 2s (Caliendo and Kopeinig, 2008).
9This problem is often referred to as the “curse of dimensionality”, also coined by Rubin and Rosenbaum in
1983.
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1983). Recent Monte Carlo evidence has shown that this type of matching is robust to a
variety of specifications if the conditional independence assumption holds (Zhao, 2008).
Several authors have used propensity score matching to estimate treatment effects in the
recent development literature. For example, a paper by Divana Gracia Rodriguez and col-
leagues in the Journal of Agricultural and Resource Economics uses propensity score matching
to study the impact of an agricultural development program in the Philippines (2007). Spe-
cific to Bangladesh, a journal article by Mariapia Mendola from 2007 uses propensity score
matching to examine the adoption of new seed technologies by rural Bengali farmers. In fact,
propensity score matching (PSM) is often used in cases of program evaluation and similar con-
texts when selection into treatment is a nontrivial issue. What is far less common, however, is
the use of PSM to measure the effects of events that would not traditionally be envisioned as
“treatment”, such as the decision to live in a particular community or a slum versus non-slum
environment.
Selection on Unobservables: Endogenizing the Location Choice
It is easy to imagine many cases in which selection into a particular location is based not only
on observables but on unobservables as well, in which case OLS and similar techniques, such
as propensity score matching, will yield biased estimates.10
When this type of selection on unobservables occurs, a researcher must turn to more
complex techniques, such as instrumental variables or differencing methods, in order to obtain
unbiased results. To this end, simultaneous equations approaches with endogenous right hand
side variables, including those with limited dependent variables, have amassed a considerable
amount of popularity in recent years. An examination of the literature to date, however,
has yielded no papers using a multiple equation approach to endogenize location choice as it
relates to preventive care in developing countries. This dissertation attempts to fill this gap.
As will be evident from the theoretical and empirical sections of subsequent chapters, this
dissertation thoroughly investigates the relationship between a family’s location decision and
10Selection on unobservables violates the conditional independence assumption of PSM. In this case, PSM is
an invalid way in which to measure selection effects and will result in biased estimates.
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child health input choices. Rather than a cursory discussion of the slum selection problem,
issues of location are central to the arguments of the research contained herein.
1.2.4 Incorporating Fertility
It would be disingenuous to discuss the “quality” of child health inputs in terms of location
choice and preventive care without also mentioning the “quantity”of investments in children,
otherwise known as fertility decisions. For this reason, a family’s decision to have children will
be modeled both theoretically and empirically in the third chapter of this dissertation. A brief
discussion of the previous literature surrounding fertility and childbearing choices is necessary
in order to put such work in context.
The origins of the discussion pertaining to quality-quantity tradeoffs in childrearing has
generally been attributed to Gary Becker’s work on fertility beginning in 1960. Becker’s most
famous and detailed work on the subject, entitled A Treatise on the Family, was published
in 1991. In this work, Becker assumes that families maximize utility as a function of the
number of children, child quality as measured by household expenditures on each child, and
other consumption goods which are assumed to be poor substitutes for children (Becker, 1991,
p.137). In doing so, he explicitly models the trade offs between child quantity and quality,
as an increased number of children necessitates smaller expenditures per child holding family
income constant. The foundations laid by this work have generated substantial interest from
economists working on fertility and the economics of the household since that time. For
example, recent work by Michael Beenstock expands Becker’s work to examine the reasons
parents with greater “ability”in terms of education or labor productivity may optimally choose
to have fewer children (Beenstock, 2007).
In work related to developing countries, the relationship between fertility and child health
outcomes has been an area of particular interest to economists. An increased uncertainty
surrounding child mortality relative to developed countries, combined with a greater variation
in health outcomes, has resulted in a variety of papers examining parental fertility choices in the
context of a resource constrained environment. Recent work by Mark Rosensweig and Junsun
Zhang, for example, examines the occurrence of twins in a family under China’s “One-Child”
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policy, stratified by birth order and controlling for the effects of family-specific endowments.
They find that there are indeed tradeoffs that occur between child quality and quantity, as
an unexpected additional child in a family significantly decreases the expected health and
educational attainment of all children in a family (Rosenzweig and Zhang, 2009).
Though the literature surrounding the relationship between fertility and child health in-
puts is abundant, work specifically examining location choice as a confounding factor in this
relationship is much more sparse. There are, however, quite a few papers that attempt to
account for location as an exogenous factor in fertility rates and child health inputs in a vari-
ety of different ways. Work by Mark Montgomery and Paul Hewitt, for example, has shown
that neighborhood living standards affect household behavior with respect to both child health
inputs and contraceptive use (2005). Moreover, a considerable amount of literature has shown
links between the availability of health services and increases in both contraceptive use and
child health services.11
Specific estimation of the location decision as an endogenous factor in fertility and health
care decisions, however, is much more rare. In a 1998 article, Gustavo Angeles, David Guilkey,
and Thomas Mroz account for endogenous placement of family planning clinics in Tanzania
by utilizing a simultaneous equations framework to explicitly model the facility placement
process (Angeles et al., 1998). The purpose of this paper is to quantify the unbiased effect
of family planning availability on fertility, however, and the work does not directly address
a household’s location choice at each point in time or the relationship between fertility and
subsequent child health. In contrast, papers by Somik Lall and coauthors (2008) and Akie
Takeuchi and coauthors (2008) have specifically examined a household’s location choice within
the urban environment, each using a type of discrete choice framework. These papers focus
on proposed slum upgrading and relocation, however, and the choice set used in estimation
is limited in both cases.12 Moreover, these authors do not examine any type of fertility or
11See, for example, (Brauner-Otto et al., 2007).
12The choice set in the article by Takeuchi and coauthors is limited to a random subsample of households
within Mumbai that the authors define as “affordable” for each household (Takeuchi et al., 2008). Somik Lall
and coauthors incorporate a mixed logistic regression framework to model residential choice, but limit the
analysis to wards within Pune, India, and only examine policy implications for slums and squatter settlements
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child health considerations, and only consider the location decision in isolation from other
household choices. In contrast, a recent paper by Chandra Bhat and Jessica Guo incorporates
a joint mixed multinomial logit structure which allows for both location- and household-specific
characteristics and an expanded choice set in an analysis of the relationship between built
environment, residential choice, and auto ownership (Bhat and Guo, 2007). This work is
conducted in order to examine transportation decisions in the San Francisco Bay area, and no
estimation of this type has yet been done to analyze location choices and their relationship
to other decisions in a developing country setting. In these respects, the current work fills a
substantial gap in the literature by considering such location choices as critical components of
optimal fertility and child health decisions.
1.3 The Data
The 2006 Urban Health Survey (UHS) of Bangladesh, collected by the MEASURE Evaluation
Project in conjunction with The National Institute of Population Research and Training (NI-
PORT) and the Carolina Population Center at UNC Chapel Hill, will serve as the primary
dataset used in this research project. The UHS is a multi-level, cross-sectional survey con-
taining information regarding a variety of socioeconomic and health related characteristics of
communities, households, and individuals in Bangladesh.
An interesting dimension of the UHS is its systematic focus on slum and non-slum com-
munities within the six major city corporations of Bangladesh13. Before UHS interviewers
were sent into the field, a systematic census and mapping of slums, known as the CMS, was
conducted in all survey areas of city corporations. The resulting maps precisely identified all
within that city (Lall et al., 2008).
13A city corporation is the major urban and administrative center of a division in Bangladesh. For future
reference, the six city corporations of Bangladesh include Dhaka, Chittagong, Barisal, Rasjhahi, Khulna, and
Sylhet. Urban areas outside city corporations, known as district municipalities, were included in the original
survey sample. The slum mapping described above, however, was not conducted in these areas, preventing
district municipalities from being included in estimation.
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slum and non-slum clusters within the survey area14. In doing so, the census was able to si-
multaneously outline the primary sampling units (PSU’s), or communities, on which the UHS
was framed, and also to create a meaningful definition of “slum” and “non-slum” areas, based
both on previously defined characteristics and field worker observation15. In these respects,
the CMS and subsequent UHS conducted in Bangladesh in 2006 provide a source of data that
is uniquely relevant to this research and has never before been used for this type of study.
1.3.1 The Estimation Sample
Though the UHS collected information on all children born to ever-married women aged 10
to 59 within each sample household, detailed preventive care questions were asked for only
the last child born within the past five years, resulting in information on 4,577 children from
4,412 households in urban city corporations of Bangladesh. Of these, 4,401 children from
4,249 households were still alive at the time of interview, and complete household location
information was available for 4,396 of these children. A comparison of means for observed
demographic characteristics between the two samples is available in Appendix B. No significant
difference was found between the means of any observed characteristics for the two samples.
Descriptive statistics related to the individual- and household-level characteristics for these
children are available in Table 1.1, while statistics related to community-level characteristics
are presented in Table 1.2 on page 21. The tables make evident a number of features of family
structure and of preventive care in Bangladesh. First, the percentage of female children in
this sample falls slightly below what would be observed in a genetically random sample (girls
generally occur slightly more often than boys in a random population). This could either be
evidence of son preference, or simply a slight statistical anomaly of the sample. The preventive
care variables reported in Table 1.1 indicate that the mothers of approximately three-fourths
14See Appendix C for a sample of a ward map that was created by the CMS. A Bangladesh district map is
also included in this appendix for reference purposes.
15In order to be defined as a slum, an area had to meet four of the following five characteristics: Predominately
poor housing; high population density and room crowding; poor environmental services, such as water and
sanitation; low socioeconomic status for the majority of residents; and a lack of tenure security. In addition,
slums as defined by this survey had to consist of at least 10 households or 25 members of a group housing unit
(Centre for Urban Studies et al., 2006).
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Table 1.1: Descriptive Statistics - Child, Parent, and Household-level Variables
Variable Mean Std. Dev.
Child-level Characteristics1
Age 2.019 1.487
Female 0.495 0.500
Birth Order2 2.230 1.335
Preventive Care Variables
Any ANC during pregnancy 0.759 0.428
Number of ANC visits 3.184 3.577
Ultrasonography test while pregnant 0.327 0.469
Any postnatal care for child following delivery 0.389 0.488
Parent and Household-level Characteristics
Slum Residence 0.599 0.490
Maternal Education
Years Completed 4.929 4.398
Migrant Status Variables
Migrant Indicator 0.736 0.441
Urban Migrant3 0.109 0.312
Rural Migrant 0.622 0.485
Family Size Variables
Number of Children:
Living in Household (same mother) 2.099 1.232
Living in Household (all mothers) 2.479 1.492
Born in the past 5 years in the household 1.283 0.562
Born in the past 5 years to this mother 1.190 0.424
Have any children born within the past 5 years 0.027 0.185
to this mother died?
Socioeconomic Status Quintile
In the poorest SES Quintile 0.305 0.461
In the 2nd SES Quintile 0.220 0.414
In the 3rd SES Quintile 0.170 0.375
In the 4th SES Quintile 0.163 0.370
In the wealthiest SES Quintile 0.142 0.349
Sample Size 4396
1All information presented is for children born in the past five years who were still alive at the time of
the 2006 UHS.
2Birth order is amongst all children still alive at the time of interview.
3The urbanicity of a migrant’s location of origin was available for only 4,322 respondents in the sample.
The “Urban Migrant” and “Rural Migrant” values are calculated for this subsample of 4,322.
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of the sample received some type of antenatal care (ANC) during pregnancy, with an average
of about three ANC visits per mother. Despite the relatively high levels of antenatal care,
however, only approximately 39% of children received any postnatal care (PNC) whatsoever
following delivery. Hence, significant room for improvement still exists with respect to the
early child health and preventive care needs of this population.
Examining the parent-level characteristics presented in Table 1.1 reveals that the majority
of mothers in this sample have no more than a primary level of education, with an average of
less than five years of formal schooling per mother. With respect to family size, there was an
average of between two and three children living at home at the time of the survey, a figure
which does not include children who have moved away or live elsewhere. This is consistent
with what one would expect when considering that the mothers represented in this sample
have all had recent births, and implies that the maternal sample studied here is young relative
to women of childbearing age from the entire UHS sample, some of whom would have already
reached maximum parity at the time of the survey.16 Perhaps the most interesting aspect of
this table pertains to the data relating to migration. Over 73% of the children in the sample
come from migrant families, with 62% migrating from rural areas. This is consistent with
other evidence from Bangladesh, which suggests that the majority of migration occurs from
rural to urban areas rather than between cities or from cities to the countryside. It should
also be noted that the majority of sample households are located in slums, and are from the
poorest two asset quintiles.17
Finally, an examination of the community level variables in Table 1.2 reveals a variety of
differences in housing and location characteristics across communities. Though the security
of tenure of most areas seems relatively stable, with only approximately 5% of communities
having experienced evictions in the past three years, there are a relatively large number of
16When examining all ever-married women surveyed in the UHS (not limiting the analysis to women who
have given birth in the past 5 years), the average number of children per household is approximately 3.88
17This makes sense in view of the sampling strategy of the UHS, which over-sampled households within slum
areas. Sampling weights were not used in the presentation of these descriptive statistics, in order to give the
reader an unfettered view of the actual sample available for estimation. Weighted estimates will gladly be
calculated upon request.
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Table 1.2: Descriptive Statistics - Community-level Variables
Variable Mean Std. Dev.
Average hourly wage in the thana 19.202 3.541
Average rent paid in the community 2157.606 1497.724
Average level of tenure security in the community1 1.779 0.284
Average safety rating in the community2 1.889 0.247
Sanitation variables
Prevalence of (%):
Piped water 0.327 0.313
Piped water, public tap, or deep tube well 0.727 0.288
Proper sewer drains 0.501 0.347
Floods in the past 3 years 0.258 0.259
Community growth and construction variables
Percentage of mohallas experiencing:
Any type of construction in the past 3 years 0.715 0.277
Commercial or industrial construction in the past 3 years 0.076 0.120
Road construction in the past 3 years 0.344 0.244
Residential construction in past 3 years 0.628 0.319
Distance Variables (In kilometers)
Average distance to the nearest PHC 0.574 0.425
Distance from respondent’s district of birth to the current 89.038 95.791
location
Sample Size 4396
Unless otherwise specified, all community-level averages are aggregated at the thana-slum
status level, a total of 82 possible locations. All monetary values are denominated in taka.
1This variable is measured from 1-3, with 1 being described as “Completely Secure” and 3 being described
as “Totally Insecure”. 2This variable is measured from 1-4, with 1 being described as “Very Safe” and 4
being described as “Very Unsafe”
areas that experience flooding somewhat frequently. This is to be expected given the climate
of Bangladesh, which experiences a rainy season with a high prevalence of monsoons and
torrential rain. Many of the areas described in the table have experienced some type of
recent construction, while a smaller fraction have experienced road construction, which would
normally be associated with improved infrastructure. Lastly, it is important to note that most
areas surveyed enjoyed convenient access to primary health care facilities, with the majority
of services being located less than a kilometer from the center of the community.18
18This is also somewhat expected given the “urban bias” of health facility placement noted in the introduction.
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Distances to health clinics in a rural sample would likely be much higher than those reported here.
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Chapter 2
An Examination of the Relationship
Between Location and Preventive Care
Choice Among Urban Residents of
Bangladesh
2.1 Introduction
Now that the contributions of this dissertation have been placed within the literature and
the data used for estimation has been described, this chapter continues by addressing the
fundamental question of the relationship between a household’s location decision within the
urban environment and the subsequent preventive care decisions made for children. Section
2.2 begins this discussion by outlining a theoretical framework in order to generate predictions
about the relationship between location and child health decisions. Section 2.3 builds empirical
equations to test these predictions in the context of the UHS data, and Section 2.4 discusses
the strategies by which such equations will be estimated. Section 2.5 explains the results of
estimation, conducts robustness checks, and examines potential policy implications and future
work. Section 2.6 concludes the chapter.
2.2 Theoretical Foundations
The model presented here considers location choice as an endogenous component of the pre-
ventive care decisions that parents make for their children and provides testable implications
pertaining to the impacts of this location choice on preventive care demand and child health.
2.2.1 Basic Model Features
The model takes place within a single period during which all choices pertaining to household
location and health care are made. At the beginning of the period, a family makes a single
decision about where to live. In doing so, they implicitly choose whether or not to migrate
from a particular location, the specific community in which to live, and whether or not to live
in a slum or squatter settlement within that community. Conditional on the location decision,
the family then chooses the amount of preventive care to provide to each child within the
family unit. All of these decisions are made taking into account the expected utility derived
from each preventive care choice as it pertains to each of their children’s health outcomes.
At the end of the period, the family realizes the number of surviving children, as well as
the health status of each child. Families derive utility from consumption (X), the number of
children surviving at the end of the period (N), and the health status of each child conditional
on survival (H):
U(X,N,H) (2.1)
where U(·) is assumed to be twice continuously differentiable, increasing in all arguments, and
strictly concave with:
∂U
∂X
> 0
∂U
∂N
> 0
∂U
∂H
> 0
∂2U
∂X2
< 0
∂2U
∂N2
< 0
∂2U
∂H2
< 0 .
A timeline illustrating the order of all decisions is included in Appendix C.
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2.2.2 Housing and Income Choices
As noted above, a representative family begins the period by deciding where to locate. This
location decision determines the amount of disposable income they will have available to allo-
cate to goods from which they derive direct utility (such as consumption), and to goods which
provide utility indirectly by influencing the health of their children (such as preventive care).
The amount of total income available to a family consists of both earned income from wages
and accumulated wealth upon entering the period, or:
Y = A0 + wkψ (2.2)
where A0 denotes household assets at the onset of the period, ψ denotes the number of hours
worked, and wk denotes the average prevailing wage rate in the community. Both the number
of hours worked and the wage offer for an adult household member in community k, conditional
on living in that community, are treated as exogenous in this simple model. Because of the
complexities associated with modeling location and preventive care choices simultaneously,
including selection into work and a wage equation into the analysis would overly complicate the
model without adding a substantial benefit to the understanding of preventive care choice.1 In
order to focus on the aspects of the model that most closely relate to location and preventive
care choice, the assumption of exogenous labor force participation and income will remain
throughout the theoretical and empirical models.
The overall costs of living in a particular community are assumed to be equal to the
prevailing rental rate for dwelling in that area and the implicit and explicit costs of moving to
the area. Rent (r) is a predetermined function of the community (k) where the family resides,
1Furthermore, the cultural norms in Bangladesh create an environment where married women are largely
absent from the work force, and many are only observed to be working outside the home in households with
exceptionally low socioeconomic status. Multiple previous surveys have shown low levels of women’s selection
into employment, consistently estimating full-time female labor force participation rates in Bangladesh at below
ten percent (Huq-Hussain, 1996). In a recent article, Diane Dancer confirms this sentiment, noting that working
women in Bangladesh are much more likely to come from less aﬄuent households (2008). This implies that it
is generally the case that, among married couples, only the adult males of a household actually make a labor
force decision.
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and whether or not they live in a slum:
r = r(k, S)
where S represents an indicator variable equal to one if the family lives in a slum and zero
otherwise. The costs of moving to a given community k are assumed to be a function of the
distance from the family’s previous location to that community:
M = M(Distk) .
For families who remain in the same location, M(Distk) = M(0) = 0. The amount of dispos-
able income available after location choices are made is simply equal to the family’s income
after subtracting all housing and other explicit costs associated with the residential decision2:
Y d = Y − r(k, S)−M(Distk) (2.3)
or
Y d = A0 + wkψ − r(k, S)−M(Distk) .
After all housing costs have been considered, the remainder of a family’s income can be spent
on either composite consumption goods or preventive care goods for children. It is these
preventive care goods that will now be considered.
2.2.3 Preventive Care Choices
A family chooses the amount of preventive care to provide to each child within the household
taking the location choice at the beginning of the period as given. This implies that conditional
on location, medical care choices are a function of disposable income, Y d. Preventive care is
2As a simplifying assumption, the model will only consider the most recent move of a household and will
not account for the possibility of multiple moves by a particular family across a short time horizon.
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also conditional on the number of births in the family (B), which is exogenously given.3 The
amount of preventive care allocated to each child i is denoted by vi, and is allowed to vary
across children:
vi =

0 if preventive care is administered to child i,
1 otherwise.
It directly follows that the total amount of preventive care provided (V ) is the sum of all
preventive care decisions for each child in the family:
V =
B∑
i=1
vi . (2.4)
Note that for a variety of social and cultural reasons, preventive care allocations may be ex-
plained by birth order and gender in the empirical specification below, as families in Bangladesh
may be more or less willing to provide care to the first born of a family or to sons rather than
daughters.4 The dependence of preventive care on birth order is implicitly incorporated into
the current theoretical construction, assuming that a functional form for utility is chosen such
that parents experience diminishing marginal returns to the quantity of children.
2.2.4 Mortality and Health Outcomes
The probability that a child survives until the end of the period (φk,S) is allowed to vary by
community and slum status. The total number of surviving children at the end of the period,
given birth (bi), is denoted by N :
3The inherent problem associated with modeling the “quality” of investments in a child’s human capital
while leaving the “quantity” of child health investments, as given by the total number of births, as exogenous,
has not gone unnoticed by this author. For these reasons, a discussion of these tradeoffs and a corresponding
model that incorporates fertility appears in Chapter 3.
4In order to allow the theory to remain both notationally simple and generalizable to other groups, gender
complications will be omitted in the current construction of the theoretical model. In order to explicitly account
for this, one could include arguments in the parental utility function for the gender composition of the surviving
children as well as nonlinearities in the contribution of the quantity of children to utility levels. While this
modification is not directly included in the current presentation of the model, doing so would not substantially
alter its implications.
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Pr(ni = 1|bi = 1) = φk,S , N =
B∑
i=1
ni =
B∑
i=1
φk,S bi . (2.5)
Conditional on survival to the end of the period, the health of each child i in the family depends
on the family’s genetic endowment (α), demographic characteristics of the child such as age
and gender (di), whether preventive care was administered to the child (vi), and whether or
not the child lives in a slum (S):
hi = h(α, di, vi, S) (2.6)
where hi(·) is increasing in vi and decreasing in S. Let H denote the health status of surviving
children within the family, and be given by:
H = H(h1, . . . , hN ) . (2.7)
Hence, while preventive care affects child health and subsequent parental utility in this model,
it is assumed to have no direct effects on child mortality within the current period.5
2.2.5 Utility Maximization and Testable Implications
Given all the constraints discussed above, families choose location, consumption, and preven-
tive care for each child in order to maximize utility:
max
X,k,v1,...,vB
U(X,N,H)
subject to equations (1)− (7) above. The solution to the model provides several implications
to be tested in the empirical work.6 First, one would initially expect families who are more
constrained in terms of disposable income (either due to low levels of initial income or high
5Estimating a dynamic model where future child mortality is dependent on previous preventive care decisions
and other variables would be a potentially fruitful extension of the current project, which hopefully can be
accomplished in future work. A lack of a large longitudinal sample of a population experiencing sufficiently
high mortality rates with which to estimate this phenomenon, however, makes the estimation of endogenous
child mortality impractical at this stage. In a recent working paper, I have created a preliminary dynamic model
of endogenous child mortality as it relates to preventive care goods. The paper is available upon request.
6See Appendix A for a more formal derivation of select results from the theoretical framework.
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location costs) to spend less on preventive care per child. Location-dependent variables, how-
ever, have the potential to modify this effect somewhat. For example, if a family lives in an
area with high population density and low sanitation (as might be expected in a slum envi-
ronment), then the initial mortality and health risks facing children in that community will
be affected through the variables φk,S and S, which affect N and H, respectively. There are
two competing effects that could result from this increase in health risk. First, if the charac-
teristics of the location choice decrease the probability that a given birth will survive infancy,
then families may choose to invest less in preventive care for children, because the probability
of experiencing the future benefits of preventive care through health of the surviving children
is also diminished. If, however, sanitation and similar conditions decrease the overall health
of children in the family and increase the marginal benefits to improving health, then parents
might invest more in vaccination or similar preventive care measures. Thus, the total effect
of a change in location remains theoretically indeterminate. It will be interesting to find out
how these offsetting partial effects manifest themselves in the empirical estimations.
Similarly, since the number of children in a family is exogenously determined in this model,
one would expect to find a decrease in per capita preventive care within the household, ceteris
paribus, as the number of children per household rises. As noted above, however, this effect
could vary by child, depending on the gender, birth order, and other characteristics of each
child within the family, as well as family-specific characteristics.
2.3 Empirical Equations
Now that a theoretical foundation has been proposed with which to frame the discussion
of location choice and child health, the predictions generated from the model can be tested
empirically using the data described above. In the following econometric framework, let the
index i = 1, . . . , I represent the children under the age of five within a given household, the
index j represent the jth household (j = 1, . . . , J), and let k = 1, . . . ,K represent the number
of communities from which a household may choose. Then the indirect utility function for a
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given household’s choice of residence can be written as:
V ∗j,k = β0 + β
′
1Ck + β
′
2Zk + β
′
3Xj + β
′
4Dj,k + ε1j (2.8)
where community k will be chosen if:
V ∗j,k ≥ max
q=1,...,K
V ∗j,q
In this indirect utility function, the vectors Ck and Zk represent attributes which are specific
to community choice k but do not vary across individuals. Components of Zk include the
average level of tenure security within a community, community crime rates, and community
growth and infrastructure variables such as the presence of new construction. Components of
Ck, which are assumed to affect both the location decision and the subsequent preventive care
choice, include community sanitation and water quality variables, the average distance to a
primary health care facility within the community, and average community wages and rental
rates. While the elements of Zk are only included in the location equation, the elements of
Ck are considered in the preventive care decision as well. The vector Xj represents household
attributes, such as socioeconomic status, that do not vary by community but may impact
a family’s decision to live in one location over another. Finally, the vector Dj,k represents
factors that vary both across households and across communities. For example, the distance
from the center of a household head’s district of birth to each community k is a valuable proxy
for moving costs, and differs according to both the origins of the respondent and all of the
community choices.
Conditional on location choice, a household h chooses whether or not to provide preventive
care to child i by considering a combination of child-, household-, and community-specific
characteristics. Let Bi represent a vector of child-specific characteristics, including age, gender,
and birth order. Similarly, let Hj be a vector of household-specific characteristics that affect
the preventive care choice, such as socioeconomic status and the number of children residing
in the household. Lastly, let Ck represent the vector of community-specific characteristics
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noted above which are believed to influence the propensity of a given household within that
community to seek preventive care services. Then the choice of preventive care type q (either
ANC or PNC) for a given child i in a representative household j in community k is given as:
P qi,j,k =

0 if p∗i,j,k < 0,
1 if p∗i,j,k ≥ 0
(2.9)
where:
p∗i,j,k = α0 + α
′
1Bi + α
′
2Hj + α
′
3Ck + α
′
4Dj,k + εqj ,where q = 2, 3.
Note that Dj,k, or the distance from the respondent’s district of birth to location k, is included
in both the location and preventive care equations. This makes intuitive sense when considering
the moving costs first described within the theoretical framework. Although an increased
distance may not be directly associated with the propensity to seek preventive care for a child,
the increased costs associated with relocating to a distant location will result in a subsequent
decrease in disposable income with which to purchase preventive care goods. Hence, one
would expect that the further a household from its district of origin, the smaller the likelihood
that a given child within that household will receive preventive care. Similarly, conditional
on residence in a particular location, increases in average community wages (or decreases in
average rents) would be expected to increase the probability of preventive care receipt. Though
these effects may be somewhat small, they consitute another mechanism by which the location
choice of a representative household can be shown to influence the preventive care decision.
2.4 Estimation Strategies
Before simultaneously estimating the equations above and incorporating unobserved hetero-
geneity, one must account for the possibility that selection into locations could be based on
observables alone. If this is true, efficiency can be gained by using the simple logistic regression
techniques mentioned previously. Hence, the model was initially tested by estimating each of
the equations separately using simple logistic regressions. These regressions are intended to
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provide “baseline” estimates for the coefficients of interest, allowing a comparison of the ways
in which the incorporation of unobserved heterogeneity affects the results.7
After the completion of preliminary estimations, the three equations represented by (2.8)
and (2.9) are estimated simultaneously, in order to account for correlation in unobservable
aspects of preventive care and location choice. The location equation is estimated using a
mixed logistic regression technique, which incorporates both individual- and choice-specific
coefficients into the regression model.8 This structure will form the basis of the preferred
specification, with individuals choosing a specific thana within each city corporation, as well
as a slum or non-slum area within each thana.9 The mixed logit technique described here is
similar to ordinary logistic regression, with the exception that the data occur in household-
level groups, allowing all possible location choices to be available to each household. With
the data organized in this way, the mixed logistic regression technique estimates the location
decision for each household group, conditional on at least one observation (location choice)
being chosen by the household. The advantages of this structure include a more tractable
model in terms of data processing, as well as greater plausibility in terms of the independence
of irrelevant alternatives (IIA) assumption associated with the full multinomial logit model.
In this case, the approach offers a feasible way of handling the large number of location choices
available to families in Bangladesh.
2.4.1 Error Structure
In the simultaneous estimation of the above equations, it is important to make assumptions
about the distributions of each of the error terms; ε1,j , ε2,j , and ε3,j . The endogenous rela-
tionship between residential and preventive care choice indicates that an assumption of zero
7Tables presenting the results of these individual regressions are provided in Appendix B.
8In cases where only choice-specific characteristics are included in a regression of this type, it is generally
referred to as conditional logit estimation. The additional consideration of individual-specific variables (such as
household socioeconomic status, for example) explains the estimation technique’s label as “mixed”.
9At the time of the 2006 UHS, there were 43 thanas within the six city corporations of Bangladesh. All but
four thanas contained both slum and non-slum areas within them, leaving a representative household with 82
possible locations (thana/slum status combinations) from which to choose.
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correlation between these error terms would almost certainly result in bias. A typical maxi-
mum likelihood framework of simultaneous equations, however, necessitates that some type of
distributional assumption be imposed for these error terms, and is likely to be computationally
prohibitive. For this reason, the preferred specification incorporates a nonlinear discrete factor
approach. More specifically,
ε1j = θ1j + ν1
ε2j = θ2j + ν2
ε3j = θ3j + ν3
where the first components of each error term, θ1j , θ2j , and θ3j , capture household-specific
factors that are time-invariant but are unobserved to the researcher. For example, character-
istics such as internal motivation or a reduced rate of time preference may induce households
to relocate in search of better opportunities, and these same characteristics may also induce
such households to provide increased levels of preventive care for their children. The second
components of each term, ν1, ν2, and ν3, are independently and identically distributed shocks.
The discrete factor method, first introduced by Heckman and Singer (1984), approximates
the joint cumulative distribution function of these unobservables with a step function that has
a discrete number of steps, or support points. The actual values and probabilities of each step
are estimated simultaneously along with all of the other parameters in the model (Angeles
et al., 1998). In other words, instead of estimating a θj for each household, as would be
the case in fixed effects, this approach estimates a distribution for the θ’s, or the unobserved
heterogeneity. This heterogeneity is modeled at the household level in this case, as individual
children are unlikely to make decisions for themselves.10
The discrete factor method allows for any possible distribution of the unobservables, and
in this sense is more flexible than traditionally utilized estimation techniques. Multiple papers
10The focus of the preventive care equation on children under five makes this assumption especially true.
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have used Monte Carlo simulations to show that in cases where the “true” underlying dis-
tribution of unobservables is approximately normal, the discrete factor method performs very
similarly to maximum likelihood methods assuming multivariate normality. In cases where the
unobservables are not normally distributed, however, the discrete factor method outperforms
traditional maximum likelihood techniques, yielding estimates with increased accuracy and
precision (Mroz and Guilkey, 1992; Mroz, 1999). It is also worthwhile to note that utilization
of the discrete factor method alleviates potential problems associated with IIA. The indepen-
dence of irrelevant alternatives is caused by a lack of correlation between choices (Cameron
and Trivedi, 2005, p. 503). As with the case where multivariate normality is assumed (as in
a multivariate probit regression, for example), the discrete factor model adds a a source of
correlation and solves this potential problem.
The optimal number of support points used to model the cumulative distribution function
with this method differs according to the type of estimation being conducted, and is determined
empirically. The previously mentioned Monte Carlo study by Mroz and Guilkey suggests
adding mass points until the likelihood function no longer improves significantly. Following this
recommendation, the model was initially estimated with two points of support, and subsequent
estimations were conducted adding an additional support point in each iteration until the
likelihood function failed to improve. This occurred when a tenth mass point was added to
the model, implying that nine points of support should be used with this data and estimation
strategy.
2.5 Results of Estimation
The results from the preferred model of joint estimation using the discrete factor method to
capture unobserved heterogeneity are presented in Tables 2.1 and 2.2. Based on the estimates
from the conditional logistic location choice equation presented in Table 2.1, it is evident that a
variety of factors significantly influence a family’s residential decision. For example, an increase
in the cost of living in a particular area, as measured by average housing rental rates, seems
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to negatively affect the propensity of a given family to move to that location.11 Somewhat
surprisingly, the average wage rate in a community (excluding a household’s own wage income)
is also negatively associated with location choice. Additional detractors from a household’s
propensity to move to a given location include an increased presence of construction within
the past three years, and a decrease in tenure security in the area.12 The presence of recent
road construction, a proxy for infrastructure development and a decrease in moving costs,
seems to be strongly associated with an increased likelihood for a household to migrate to
a particular location. Similarly, an increase in the distance between a given location and a
household’s location of origin is shown to detract from the probability that a family will move
to that location, a result that is consistent across all estimated specifications. This supports
the theoretical model’s predictions with respect to the relationship between migration costs
and location choice.
Although location choice determinants are interesting, the main reason for modeling this de-
cision is to understand how the location choice affects household decision-making with respect
to preventive care, and the endogenous relationship between built environment and health.
Estimates from the preventive care equations show that child demographic characteristics do
tend to affect the probability of preventive care receipt in ways that would be expected. For
example, children of higher birth orders are significantly less likely to receive both antena-
tal and postnatal care, and girls are slightly less likely to receive postnatal care than boys,
though the result is not statistically significant. Household demographics also seem to play
an important role, with wealthier households exhibiting a significantly greater likelihood of
providing preventive care than poor households, and households with a greater number of
children demanding less perinatal care per child.
11It is important to note that the results presented within this table are logistic regression coefficients and
are not to be interpreted as marginal effects. Hence, one should only interpret the signs, significance, and
relative magnitudes of each coefficient within a given regression. Marginal effects have been calculated, and are
presented in Section 2.5.2.
12Recall that the “Tenure” variable is measured on a 1 to 3 scale, with 3 being described as “Totally Inse-
cure”. Hence, an increase in the value of this variable corresponds to a decrease in tenure security. Similar
characteristics apply to the crime variable, which is measured on a 1 to 4 scale.
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Table 2.1: Conditional Logistic Regression with Unobserved Heterogeneity - Location Choice
Variable Coefficient (Std. Err.)
Average hourly wage in community -0.6890∗∗∗ (0.0952)
Average monthly rental rate paid in community -0.0035∗∗∗ (0.0004)
Average level of tenure security in the community -5.4582∗∗∗ (0.9636)
Average safety rating in the community 15.1386∗∗∗ (1.8675)
Sanitation variables - Prevalence of (%):
Piped water, public tap, or deep tube well -3.6980∗∗∗ (0.6229)
Proper sewer drains 2.4399∗∗∗ (0.6312)
Floods in the past 3 years 7.4671∗∗∗ (0.7836)
Percentage of mohallas experiencing:
Any construction in the past 3 years -3.2075∗∗∗ (0.7087)
Road construction in the past 3 years 5.4998∗∗∗ (0.9791)
Distance Variables (In kilometers)
Average distance to the nearest PHC 1.2444∗∗∗ (0.3067)
Distance from district of birth to the current location -0.0373∗∗∗ (0.0011)
Location-Socioeconomic Status Interactions Included
Likelihood Function Value -18588.93
Pseudo-R2 18.18%
36
Some of the most interesting findings of this research appear when examining the commu-
nity variables in the bottom half of Table 2.2, especially when comparing these results with
coefficient estimates obtained without accounting for unobserved heterogeneity. As Table B.3
indicates, living in a slum is found to substantially decrease the likelihood that a represen-
tative family will seek either antenatal or postnatal care for their children when unobserved
heterogeneity is not taken into account, an effect which is significant at the 1% level in both
preliminary preventive care equations. As is shown in Table 2.2, however, after estimating the
preventive care and location equations jointly and accounting for a family’s endogenous resi-
dential decision, this “slum effect” is virtually erased, with the coefficients of the slum variable
losing all statistical significance and decreasing in relative magnitude by almost half. More-
over, while community sanitation variables such as the presence of piped water or sewer drains
were not shown to have a significant impact on preventive care choices in preliminary results,
the presence of this type of infrastructure is shown to have positive and significant effects on
both antenatal and postnatal care demand once location endogeneity is accounted for. These
findings support the hypothesis that unobserved parental or household characteristics, such
as lower rates of time preference for example, would induce households with these unobserved
attributes to more readily migrate from a slum to a non-slum environment. These same at-
tributes could also induce parents to be more likely to seek preventive care for their children,
as future health impacts may be given more weight in the household’s utility optimization
problem. Not accounting for these unobservables biases the slum status variable downward,
overestimating the negative impact of a household’s location in a slum environment on early
childhood preventive care demand.
After accounting for the endogenous decision to locate, the majority of coefficient esti-
mates associated with community level variables are of the sign that one would expect given
the theoretical motivation. The positive association between community sanitation variables
and preventive care demand provides support for the theoretical prediction that an increased
probability of child survival within a community induces parents to invest more heavily in fu-
ture child health. The negative relationship between community flooding and preventive care
demand also supports this prediction. These child health and survival effects seem to matter
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Table 2.2: Joint Estimation Results - Child Preventive Care
Variable
Logistic Regression Coefficients
(Std. Err.)
Any Antenatal Care Any Postnatal Care for Child
Child Age -0.1008∗∗∗ -0.0798∗∗∗
(0.0266) (0.0246)
Child Gender -0.0886
(0.0733)
Birth Order -0.2641∗∗∗ -0.2099∗∗∗
(0.0403) (0.0394)
Socioeconomic Status Quintile
In SES quintile #2 0.4012∗∗∗ 0.4962∗∗∗
(0.1027) (0.1145)
In SES quintile #3 1.1860∗∗∗ 1.1177∗∗∗
(0.1258) (0.1267)
In SES quintile #4 2.0943∗∗∗ 1.8201∗∗∗
(0.1770) (0.1352)
In Wealthiest SES quintile 2.8447∗∗∗ 2.9256∗∗∗
(0.2406) (0.1654)
Number of children living in household -0.0055 -0.0544
(All mothers) (0.0379) (0.0334)
Slum Status -0.1990 -0.1729
(0.1612) (0.1394)
Community Prevalence (%) of:
Piped water, public tap, or deep tube well 0.9200∗∗∗ 0.4615∗∗∗
(0.2005) (0.1938)
Proper sewer drains 0.4328∗∗ 0.3815∗∗
(0.1955) (0.1830)
Floods in the past 3 years -0.9609∗∗∗ -0.7135∗∗∗
(0.968) (0.1848)
Average distance to the nearest PHC 0.0062 -0.0105
(0.1207) (0.1109)
Average hourly wage in community 0.0413∗∗∗ 0.0249∗
(0.0157) (0.0137)
Average monthly rental rate paid -0.0002∗∗∗ -0.0001∗∗
in community (0.0000) (0.0000)
Distance from respondent’s district of
birth to the current location
-0.0038∗∗∗ -0.0028∗∗∗
(0.0005) (0.0004)
Intercept 0.9945∗∗ -1.9554∗∗∗
(0.4824) (0.4474)
Sample Size 4396
Likelihood Function Value -18588.93
Significance levels: ∗ : 10% ∗∗ : 5% ∗ ∗ ∗ : 1%
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much more than the distance to the nearest primary health care facility, which is insignificant
across all specifications. The “disposable income” effects of wages, rent, and moving costs (as
proxied by distance from district of origin) also seem to have a small but significant impact
on the household’s propensity to seek care.
2.5.1 Specification Tests
Recall that in the preferred specification, the distribution of household-level unobservables
was estimated jointly with the other parameters of the model using a semi-parametric discrete
factor method with nine points of support. This method added a considerable number of
parameters to the model, and resulted in an improvement of the log likelihood function of
approximately 1424.32. Comparison of the models using a likelihood ratio test yielded a
p-value approaching zero, indicating that the model incorporating heterogeneity parameters
would be preferred over the model with no heterogeneity correction. Comparison of Akaike
information criterion (AIC) for the two models also favored the specification incorporating
unobserved heterogeneity.13
2.5.2 Marginal Effects and Policy Implications
In order to gauge the accuracy of the model’s predictions, the mean values for each preventive
care outcome predicted by the model are compared with the actual values occurring in the
data. The first column of Table 2.3 gives the actual value of these outcomes occurring in the
data, while the second column shows the predictions generated by multiplying all right-hand
side variables by the predicted coefficient values (X ∗ βˆ) and integrating over the unobserved
heterogeneity parameters. As is evident from the table, the preferred specification performs
extremely well when predicting the values occurring in the data, with no significant difference
being observed between actual outcome values and values generated by the model.
The marginal effects of a variety of location characteristics on both types of preventive
care demand appear in Table 2.4, and the majority of these effects echo the results given
13These tests were calculated using the methods described by Cameron and Trivedi (2005), pp. 278-279.
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Table 2.3: Predicted Probability Comparisons
Variable Actual Value Predicted Value
(Standard Error) (Standard Error)
Antenatal Care 0.7593 0.7481
(0.0066) (0.0023)
Postnatal Care 0.3894 0.3948
(0.0075) (0.0032)
Standard errors were bootstrapped with 1,000 replications. There were no significant differences be-
tween predicted and actual values of either outcome at traditionally recognized levels of significance.
in Table 2.2. Unlike the interpretation of logit coefficients, however, the magnitude of these
effects can be interpreted across estimation procedures, lending some needed clarity in terms
of potential policy impacts. The first significant trend to notice from this table is that the
marginal effects calculated from the joint estimation procedure differ substantially from those
when each equation is estimated in isolation. This lends additional support to the fact that
unobserved household-level location preferences may indeed be causing bias in traditional
preventive care demand estimates.
In the first row of the table, the marginal effects of slum status show the difference in the
probability of obtaining either antenatal or postnatal care when residing in a slum environment.
While a simple logit estimation projects that living in a slum decreases the probability of
perinatal care by over 5%, this effect is decreased by almost half and becomes insignificant
when location and preventive care decisions are estimated jointly. While both effects may seem
somewhat small, it is important to remember that these estimates represent the effect of slum
status after accounting for all other community and household-level characteristics included
in the preventive care regressions, including community sanitation variables, distance to a
primary health care facility, average community wages and rental rates, socioeconomic status,
and other variables. In essence, this variable measures whether or not there is any overriding
“slum effect” that occurs in addition to the usual differences in conditions associated with
slum life already captured by the model. While simple estimations may indicate that this is
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the case, the incorporation of unobserved heterogeneity seems to dampen the possibility that
such “slum effects” are cause for immediate concern.
In contrast to the marginal effects of slum status, community sanitation variables seem to
have a large effect on preventive care demand in the preferred specification. For example, the
existence of piped water (in the form of internal plumbing, a public tap, or a deep tube well)
in a community increases the probability of antenatal care receipt by over 12% relative to a
community where piped water does not exist. Similarly, the probability of a postnatal care visit
for children increases by over 7% in a community of this type. The existence of sewer drains
also increases the probability of receipt by approximately 5-6% for both preventive care types.
These results are in stark contrast for the estimates from the simple logit regressions, which find
no significant effects of these types of community infrastructure on early childhood preventive
care demand. As might be expected, the occurrence of flooding in an area also substantially
decreases the probability of preventive care receipt across all specifications, though the results
are larger and more precisely estimated in the joint specification.
Table 2.4: Marginal Effects of Location Characteristics on Preventive Care Demand
Variable
Antenatal Care Postnatal Care
Joint Estimation Simple Logit Joint Estimation Simple Logit
Slum Status -0.0280 -0.0502∗∗ -0.0263 -0.0563∗∗∗
(0.0243) (0.0243) (0.0247) (0.0241)
Piped Water 0.1280∗∗∗ 0.0157 0.0706∗∗ -0.0216
(0.0290) (0.0261) (0.0309) (0.0277)
Sewer Drains 0.0565∗∗ 0.0195 0.0591∗∗ 0.0112
(0.0279) (0.0270) (0.0290) (0.0274)
Flood Prevalence -0.1344∗∗∗ -0.1048∗∗∗ -0.1082∗∗∗ -0.0530∗∗
(0.0288) (0.0243) (0.0308) (0.0269)
Reduction in distance -0.0012 -0.0022 0.0003 0.0017
to a PHC (1km) (0.0121) (0.0122) (0.0127) (0.0129)
Standard errors were bootstrapped with 1,000 replications, and are reported in parentheses. ∗∗∗, ∗∗,
and ∗ represent statistical significance at the 1%, 5%, and 10% levels, respectively.
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The marginal effect of a reduction in distance to a primary health care facility was cal-
culated by comparing the “baseline” model with one where the distance to the nearest PHC
was reduced by one kilometer for all respondents. Respondents who were initially less than 1
km away from this type of facility were then assigned a “0” for this value, in order to avoid
negative distance measures. As is evident from Table 2.4, a reduction in time costs as proxied
by facility distance had virtually no effect on the probability of seeking care.14
From a policy perspective, these results seem to indicate that future investments in child
health at the community level should focus on basic infrastructure improvements rather than an
increase in preventive care supply through the construction of additional health care facilities.
While the presence of basic community services such as piped water and sewer drains have
a large effect on perinatal care demand, an increase in facility availability seems to change
these decisions very little on the margin. Accounting for these differences in infrastructure in
conjunction with selection into the slum environment also seems to erase any additional effects
of slum status on this type of demand.
2.6 Conclusions
The interactions between residential location and child health provide important research
questions that need to be answered, especially for the growing urban populations of poor
countries. This research contributes to the existing literature by simultaneously modeling a
household’s decision to locate in a particular area and its subsequent demand for maternal and
child health services. In doing so, it is able to overcome the potentially endogenous relationship
between location and health services demand and the associated bias that would exist without
accounting for selection into slum and non-slum environments. In addition, the research takes
advantage of a new and unique urban data set from Bangladesh in order to specifically delineate
14As a robustness check, all of the estimations described here were also carried out using PHC “density”
variables in place of the “distance” measure. Rather than measuring the distance to the nearest primary health
care facility, the density variables were constructed by computing the number of such facilities within either
a two or five kilometer radius. The resulting coefficient estimates were similar to what has been described
here, though in some cases an increase in “density” was actually estimated to negatively affect ANC and PNC
demand. Given this, as well as its use elsewhere in the literature, the “distance” variable remains the preferred
measure of PHC availability.
42
between slum and non-slum areas within the urban setting. Accounting for location selection
is found to substantially affect demand estimates across both preventive care types, especially
with respect to coefficients pertaining to community infrastructure and slum status. Estimates
of the “slum effect” of preventive care demand are reduced considerably after accounting for
location endogeneity. In contrast, the inclusion of additional primary health care facilities is
projected to have very little influence on the demand for these types of health services. Given
that the increased utilization of maternal and early childhood health care services has been
cited as a key determinant of future child morbidity and mortality outcomes for the urban poor,
these results contribute substantially to the understanding of optimal health policy formulation
in developing countries. It is hoped that the work sheds light on the effects that this choice
has on preventive care decisions and future health outcomes.
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Chapter 3
Preventive Care and Location Choice
Revisited: Incorporating Fertility
3.1 Introduction
An examination of the relationship between the “quality” of child health inputs in terms of
location choice and preventive care, as conducted in Chapter 2, is a valuable undertaking in
isolation from other potential confounding factors related to the child investment decision.
These research questions can be significantly enriched, however, by considering them con-
currently with an analysis of the “quantity”of investments in children, otherwise known as
fertility decisions. For this reason, a family’s decision to have children will be modeled both
theoretically and empirically in the this final chapter of the dissertation. It will be shown that
incorporating fertility decisions can substantially affect results pertaining to preventive care
and location choice in some cases. The chapter follows a similar structure to that of Chapter
2, and begins by proposing a theoretical motivation by which to frame the discussion of the
relationship between location, fertility, and child health decisions. Section 3.3 generates em-
pirical equations to test the predictions put forth by the theoretical framework and discusses
the strategies by which such equations will be estimated. Section 3.4 explains the results of
estimation, conducts robustness checks, and examines potential policy implications and future
work. Section 3.5 concludes the dissertation.
3.2 Theoretical Foundations
The model presented in this chapter continues to consider location choice as an endogenous
component of the preventive care decisions that parents make for their children. In addition,
the model expands upon work in the previous chapter by treating the decision to have children
as endogenous. Relaxing the assumption of exogenous childbearing allows for testable impli-
cations to be developed regarding the optimal tradeoffs between the quality and quantity of
investments in children.
3.2.1 Basic Model Features
This model examines a representative year during the life course of a given family, during which
all decisions pertaining to location, fertility, and health care take place. The model assumes
that parents are not forward-looking in the sense that at a given year t, a family optimizes by
only taking into account expected utility in year t+ 1 and not thereafter.1
At the beginning of each year, a family (jointly) decides where to live. In doing so, they
implicitly choose whether or not to migrate from a particular location, the specific community
in which to live, and whether or not to live in a slum or squatter settlement within that com-
munity. Conditional on the location decision, fertility decisions are made each year, beginning
from the time a woman reaches the age of 12 onward.2 After choosing location and whether
or not to give birth in a particular year, the family then chooses the amount of preventive
care to provide to each child within the family unit. All of these decisions are made taking
into account the expected utility derived from each preventive care and fertility choice as it
pertains to each of their children’s health outcomes.
At the end of the year, the family realizes the number of surviving children, as well as the
health status of each child. As in the previous chapter, families derive utility from consumption
(X), the number of children surviving at the end of the year (N), and the health status of
1In this sense, the model is not truly dynamic.
2Women in Bangladesh typically marry and have children at a much younger age than women in the United
States. In the estimation sample used for this dissertation, women report having children as young as the age
of 13.
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each child conditional on survival (H):
U(X,N,H) (3.1)
where U(·) is assumed to be twice continuously differentiable, increasing in all arguments, and
strictly concave with:
∂U
∂X
> 0
∂U
∂N
> 0
∂U
∂H
> 0
∂2U
∂X2
< 0
∂2U
∂N2
< 0
∂2U
∂H2
< 0 .
A timeline illustrating the order of all decisions is included in Appendix C.
3.2.2 Housing and Income Choices
A representative family begins each year by deciding where to locate. The amount of total
income available to a family in a given year consists of both earned income from wages and
returns from accumulated wealth upon entering the period, or:
Yt = δA0 + wkψ , (3.2)
where A0 denotes household assets at the onset of the period, δ denotes the exogenous rate
of return on these assets, ψ denotes the number of hours worked, and wk denotes the average
prevailing wage rate in the community. Both the number of hours worked and the wage offer
for an adult household member in community k, conditional on living in that community,
continue to be treated as exogenous in this model.3
The overall costs of living in a particular community are assumed to be equal to the
prevailing rental rate for dwelling in that area and the implicit and explicit costs of moving to
the area. Rent (r) is a predetermined function of the community (k) where the family resides,
3See Section 2.2 of Chapter 2 for a discussion of the assumptions regarding exogenous labor force participation
and wage rates.
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and whether or not they live in a slum:
r = r(k, S)
where S represents an indicator variable equal to one if the family lives in a slum and zero
otherwise. The costs of moving to a given location are assumed to be a function of the distance
between community k and the community of origin:
M = M(Distk) .
It is assumed that remaining in the current location incurs no explicit costs, or that M(0) = 0.
The amount of disposable income available after location choices are made is simply equal to
the family’s income after subtracting all housing and other explicit costs associated with the
residential decision:
Y dt = δA0 + wkψ − r(k, S)−M(Distk) . (3.3)
After all housing costs have been considered, the remainder of a family’s income can be spent
on composite consumption goods, preventive care goods for children, or on the costs of giving
birth to additional children. It is these fertility and health input choices that will now be
considered.
3.2.3 Fertility Choices and Mortality Outcomes
For the duration of an adult female’s childbearing years and conditional on maternal fecundity,
a mother chooses whether to give birth (bt = 1) or not (bt = 0) each year. Women are assumed
to be capable of bearing children upon reaching the age of twelve. For purposes of simplicity,
it is assumed that women can control their fertility perfectly, and can have only one child in
a given year. The cumulative number of births that have occurred in the family up until time
t can be written as the sum of individual births that have occurred in each previous year,
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beginning in the year that a mother turned twelve:
Bt =
t∑
j=t−(aˆf−12)
bj , (3.4)
where aˆf denotes maternal age. Childbearing entails both explicit and implicit costs, and these
costs at a given point in time t are assumed to be a function of the number of children already
born to a mother (Bt−1), the number of children who have survived up until that year (Nt−1),
the availability of early childhood and reproductive health services in the area in that year
(Tk,t−1), and the age of the mother (aˆf ). The rationale for including birth costs as dependent
on the number of births already occurring is that it is possible that “experience” or “practice”
in giving birth might make the process easier on a mother. Similarly, the number of surviving
children (Nt−1) might reflect a mother’s “track record” of birth success, and the presence of
additional children might provide assistance to a mother during pregnancy or with a young
child. The costs of childbearing are assumed to be nonnegative, and families only incur these
costs if deciding to give birth, so childbearing costs in any given year can be written as:
pct =

0 if bt = 0
pc(Bt−1, Nt−1, Tk,t, aˆf ) > 0 if bt = 1
The probability that a child survives until the end of the period (φk,S) remains exogenous in
this model, but is allowed to vary by community. The total number of surviving children at
the end of the period, given birth (bt = 1), is denoted by Nt:
Pr(nt = 1|bt = 1) = φk,S , Nt =
t∑
j=t−(aˆf−12)
nj =
t∑
(aˆf−12)
φk,S bj . (3.5)
3.2.4 Preventive Care Choices and Health Outcomes
As in Chapter 2, families are assumed to choose the amount of preventive care to provide
to each child within the household taking the location choice at the beginning of the year as
given. Preventive care is also conditional on the number of births that have occurred in the
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family up to the current year (Bt). The amount of preventive care allocated to each child i is
denoted by vi, and is allowed to vary across children:4
vi =

0 if preventive care is administered to child i,
1 otherwise.
Recall that preventive care allocations and fertility decisions may be explained by birth
order and gender in the empirical specification below, as families in Bangladesh may be more
or less willing to provide care to the first born of a family or to sons rather than daughters.5
The dependence of preventive care on birth order is implicitly incorporated into the current
theoretical construction, assuming that a functional form for utility is chosen such that parents
experience diminishing marginal returns to the quantity of children. The total amount of
preventive care provided (V ) can be written as the sum of all preventive care decisions for
each child in the family, or V =
∑B
i=1 vi.
At the end of the period, conditional on survival, the health of each child i in the family
depends on the family’s genetic endowment (α), demographic characteristics of the child such
as age and gender (di), whether preventive care was administered to the child (vi), and whether
or not the child resides in a slum (S):
hi = h(α, di, vi, S|ni = 1) (3.6)
where hi(·) is increasing in vi and decreasing in S. The health of all children in a family, H,
is a function of the health status of each surviving child within the family. H(·) is assumed to
be increasing (though not strictly so) in the health status of each child:
H = H(h1, . . . , hN ) ,
∂H(·)
∂hi
≥ 0 ∀i = 1, ..., N . (3.7)
4For notational brevity, the time subscript t will be dropped from within-year variables from this point
forward, but is implied unless otherwise noted.
5See Section 1.2.2 of Chapter 1 for a brief discussion of why this may be the case.
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3.2.5 Utility Maximization and Testable Implications
Given the constraints discussed above, families choose location, child birth, consumption, and
preventive care for each child in order to maximize utility:
max
X,k,b,v1,...,vB
U(X,N,H)
subject to equations (3.2)-(3.7) above. Solving this model yields equations describing the op-
timal number of births, allocations of preventive care, and location choices for a representative
family which are dependent on all the exogenous variables described above.6 In doing so, sev-
eral testable implications for childbearing decisions can be derived in addition to the results
found in Section 2.2 of Chapter 2. For example, an increase in the costs of childbearing should
reduce the propensity for a representative family to have children at the margin. Factors that
may influence these childbearing costs include the availability of reproductive and early child-
hood health clinics, the number of children already born to a mother (there may be economies
of scale in child rearing, and experience may lower costs), and maternal age. Significant epi-
demiological and social science research has shown that birth costs in terms of both infant and
maternal mortality and postdelivery health problems are higher for young mothers, as well as
for mothers over the age of 40.7 For that reason, one would expect a positive effect of maternal
age on childbearing that decreases over time.
In this simplified model with endogenous fertility but assumptions of exogenous labor force
participation and wage rates, it can be shown that holding all else constant, higher income
levels should result in a greater number of children and/or a greater amount of preventive
care provided to each child within the family. Relaxing these assumptions, however, has the
potential to mitigate these conclusions somewhat. For example, if the assumption of exogenous
labor force participation and wages is relaxed, then parents with greater amounts of human
capital or innate ability may have greater earning potential in the labor market, resulting
6See Appendix A for a more formal derivation of select results from the theoretical framework.
7See, for example, Eberstein and Parker (1984), Hossain et al. (2007), Tabcharoen et al. (2009), and Hsieh
et al. (2010), among others.
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in an increase in earned income. If parents with higher abilities tend to have children that
share these characteristics, then these children may be more efficient utilizers of human capital
inputs, such as preventive care. In this case, parents with higher abilities may choose to
have less children, but to invest more preventive care into each child. As discussed in the
literature review, this is exactly the type of tradeoff originally proposed by Becker (1991), and
empirically tested by Beenstock (2007) and other authors. Family-specific health endowments
enter the theoretical model through α, and can be captured through the household-specific
time invariant heterogeneity terms in the empirical estimations.
3.3 Empirical Equations
Now that the theoretical motivation has been expanded to incorporate endogenous fertility,
the predictions generated from this model can be tested empirically using the data described in
Chapter 1. The estimation equations representing location and preventive care choices retain
the same specification as in Section 2.3. As in Chapter 2, let the index i = 1, . . . , I represent
the children under the age of five within a given household, the index j represent the jth
household (j = 1, . . . , J), and let k = 1, . . . ,K represent the number of communities from
which a household may choose. Recall from equation 2.8 of Chapter 2 that the indirect utility
function for a given household’s choice of residence can be written as:
V ∗j,k = β0 + β
′
1Ck + β
′
2Zk + β
′
3Xj + β
′
4Dj,k + ε1j (3.8)
where community k will be chosen if:
V ∗j,k ≥ max
q=1,...,K
V ∗j,q .
This indirect utility function and all vectors defined within it retain the same interpretation
as in Chapter 2. The vectors Ck and Zk represent attributes which are specific to community
choice k but do not vary across individuals. Components of Zk include the average level
of tenure security within a community, community crime rates, and community growth and
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infrastructure variables. Components of Ck, which are assumed to affect both the location
decision and the subsequent fertility and preventive care choices, include community sanitation
variables, the average distance to a primary health care facility within the community, and
average community wages and rental rates. The vector Xj represents household attributes,
such as socioeconomic status, that do not vary by community but may impact a family’s
decision to live in one location over another. Finally, the vector Dj,k represents factors that
vary both across households and across communities, such as the distance from the center of
a household head’s district of birth to each community k.
Conditional on location choice, a household chooses whether or not to give birth to a
child in every year that a mother has passed the age of twelve. Let Mj represent a vector of
maternal characteristics, including age and whether or not the first child born to a mother was
male.8 Similarly, let Hj be a vector of household-specific characteristics that affect fertility
choices, such as socioeconomic status and the number of children already born to the mother
at each point in time. Furthermore, let Fack,t−1 represent the number of primary health care
facilities that existed within five kilometers of the community in the previous year. Lastly, let
Ck represent the vector of community-specific characteristics noted above which are believed
to influence the propensity of a given household within that community to have children and
to seek preventive care services.9 Then the choice to bear a child in a given year t for a
representative household j in community k is given as:
Birthj,k,t =

0 if b∗j,k,t < 0,
1 if b∗j,k,t ≥ 0
(3.9)
where
b∗j,k,t =α0 + α
′
1Mj + α
′
2Hj + α3Fack,t−1 + α
′
4Ck + α
′
5Dj,k + ε2j .
8The existence of a firstborn son is included conditionally on a child having been born to a given mother.
9Because of the time-varying characteristic of the fertility equation, the vector Ck is interacted with an
indicator of whether or not the family is living in the destination location at each point in time.
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Taking into account both the location and fertility choices, a household h chooses whether or
not to provide preventive care to child i by considering a combination of child-, household-,
and community-specific characteristics. Let Ki represent a vector of child-specific character-
istics, including age, gender, and birth order. Also, let Hj and Ck represent the vectors of
household- and community-specific characteristics described above that affect both the fertility
and preventive care choices. Then the choice of preventive care type q (either ANC or PNC)
for a given child i in a representative household j in community k is given as:
P qi,j,k =

0 if p∗i,j,k < 0,
1 if p∗i,j,k ≥ 0
(3.10)
where:
p∗i,j,k = α0 + α
′
1Ki + α
′
2Hj + α
′
3Ck + α
′
4Dj,k + εqj ,where q = 3, 4.
Note that Dj,k, or the distance from the respondent’s district of birth to location k, is included
in all four of the estimation equations. This makes intuitive sense when considering the moving
costs first described within the theoretical framework. Although an increased distance may
not be directly associated with the propensity to seek preventive care for a child or to have
additional children, the increased costs associated with relocating to a distant location will
result in a subsequent decrease in disposable income with which to purchase preventive care
goods or provide other services. Though these effects may be somewhat small, they consitute
another mechanism by which the location choice of a representative household can be shown
to influence the preventive care decision.
3.3.1 Error Structure
In the simultaneous estimation of the above equations, the distributions of each of the error
terms; ε1,j , ε2,j , ε3,j , and ε4,j will be assumed to follow a similar error structure to the one
outlined in Section 2.4. The endogenous relationship between residential decisions and fertility
and preventive care choices indicates that an assumption of zero correlation between these error
terms would likely result in bias. For this reason, the preferred specification incorporates a
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nonlinear discrete factor approach. More specifically, the error terms can be written as:
ε1j = θ1j + ν1
ε2j = θ2j + ν2
ε3j = θ3j + ν3
ε4j = θ4j + ν4 ,
where the first components of each error term, θ1j , θ2j , θ3j , and θ4j , capture household-specific
factors that are time-invariant but are unobserved to the researcher. The second components
of each term, ν1, ν2, ν3, and ν4, are independently and identically distributed shocks.10
The optimal number of support points used to model the cumulative distribution function
with the discrete factor method differs according to the type of estimation being conducted, and
is determined empirically. The model was initially estimated with two points of support, and
subsequent estimations were conducted adding an additional support point in each iteration,
until the likelihood function failed to improve. This occurred when a sixth mass point was
added to the model, implying that five points of support should be used with this data and
estimation strategy.
3.4 Estimation and Results
The results from the preferred model of estimation incorporating endogenous fertility and
using the discrete factor method are presented in Tables 3.1, 3.2, and 3.3. Comparing the
estimates of the birth hazard equation of the preferred model on Table 3.1 with the preliminary
results (given on Table B.5 in the appendix), it is evident that accounting for unobserved
heterogeneity affects a few of the coefficient estimates for fertility substantially. For example,
while a preliminary hazard model indicates that the occurrence of a firstborn male child in a
family would significantly reduce the probability of a family having a birth in subsequent years,
accounting for unobserved heterogeneity across households erases this effect. In contrast, the
10See Section 2.4.1 for a discussion of the benefits of utilizing this method.
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coefficient estimates pertaining to maternal age, socioeconomic status, and select community-
level variables including wages, rental rates, and the distance from the respondent’s district
of birth to the current location remain virtually unchanged across specifications. Community
sanitation variables, including the presence of piped water, sewer drains, and flood prevalence,
also remain similar using either estimation strategy.
Comparisons of a few of the coefficient estimates across these specifications gives some
evidence that unmeasured factors, such as selective placement of health care facilities, may be
influencing these results. For example, while the number of primary health care facilities within
five kilometers of a community at each point in time is shown to have an insignificant impact on
fertility in the preliminary regressions, this coefficient becomes significantly negative at the 1%
level in the joint estimation results. Concurrently, the slum status variable is also insignificant
in preliminary estimates of fertility, but becomes positive and statistically significant at the
5% level when estimating this model jointly with location and preventive care choices. Though
a researcher is unable to directly interpret the source of unobserved heterogeneity that might
be driving these differences, it may be the case that government agencies or non-governmental
organizations (NGOs) choose to build health and family planning facilities in areas with the
highest known incidences of fertility or the worst cases of child health outcomes. For this
reason, future work may be able to benefit from a provider-level survey that could more
accurately examine this phenomenon.12
Many of the fertility coefficient estimates make the most sense when viewed concurrently
with the results of the preventive care and location choice equations. Variables pertaining to
maternal age behave exactly as would be expected given the epidemiology and social science
literature discussed above, with women becoming more likely to give birth as they get older
at a decreasing rate. Comparing the estimates in Tables 3.1 and 3.3, families of a higher
socioeconomic status are more likely to have fewer children, as evidenced by the negative
effect of socioeconomic status in the fertility equation. These same families, however, are more
likely to invest greater amounts of preventive care goods into each child, shown by the positive
12Previous work has shown that an approach which augments individual-level data with information on facility
placement can be a effective way to handle this issue (Angeles et al., 1998).
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Table 3.1: Joint Estimation Results - Birth Hazard Regression
Variable
Occurrence of a Birth in a Given Year
Logit Coefficient (Standard Error)
Number of children already born to mother 0.0381∗∗∗ (0.0076)
(lagged)
Firstborn child in family is male11 0.0089 (0.0256)
Maternal Age 0.5328∗∗∗ (0.0133)
Maternal Age Squared -0.0100∗∗∗ (0.0003)
Socioeconomic Status Quintile
In SES quintile #2 -0.0691∗∗ (0.0309)
In SES quintile #3 -0.1455∗∗∗ (0.0350)
In SES quintile #4 -0.3048∗∗∗ (0.0382)
In Wealthiest SES quintile -0.4232∗∗∗ (0.0433)
Number of primary health care facilities within -0.0381∗∗∗ (0.0076)
5km of community in previous year
Slum Status 0.0966∗∗ (0.0385)
Community Prevalence (%) of:
Piped water, public tap, or deep tube well 0.0434 (0.0457)
Proper sewer drains -0.0389 (0.0525)
Floods in the past 3 years -0.0502 (0.0475)
Average hourly wage in community 0.0032 (0.0036)
Average monthly rental rate paid in community 0.0000 (0.0000)
Distance from respondent’s district of birth to
the current location
0.0004∗∗∗ (0.0001)
Currently living in destination location 0.2560∗∗∗ (0.0294)
Intercept -8.425∗∗∗ (0.1744)
Number of Woman-Year Observations 63,345
Number of Women in Sample 4,372
Likelihood Function Value -172864.08
Significance levels: ∗ : 10% ∗∗ : 5% ∗ ∗ ∗ : 1%
1This variable is conditional on a first birth having already occurred in a family.
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Table 3.2: Location Choice Estimation with Unobserved Heterogeneity, Chapter 3
Variable Coefficient (Std. Err.)
Average hourly wage in community 0.0541∗∗∗ (0.0058)
Average monthly rental rate paid in community -0.0008∗∗∗ (0.0000)
Average level of tenure security in the community -0.9538∗∗∗ (0.1013)
Average safety rating in the community 0.2791∗∗∗ (0.1004)
Sanitation variables - Prevalence of (%):
Piped water, public tap, or deep tube well 0.0711 (0.0543)
Proper sewer drains -1.8596∗∗∗ (0.0589)
Floods in the past 3 years 1.4776∗∗∗ (0.0715)
Percentage of mohallas experiencing:
Any construction in the past 3 years -1.4400∗∗∗ (0.0693)
Road construction in the past 3 years -0.1325 (0.0810)
Distance Variables (In kilometers)
Number of PHC’s within 5km 0.0013 (0.0029)
Distance from district of birth to the current location -0.0155∗∗∗ (0.0001)
Location-Socioeconomic Status Interactions Included
Number of Mass Points 5
Likelihood Function Value -172864.08
Significance levels: ∗ : 10% ∗∗ : 5% ∗ ∗ ∗ : 1%
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effect of wealth in both preventive care equations. This is exactly what one would expect given
the theoretical motivation and discussion in Section 3.2, so it is encouraging that the empirical
results are consistent with the previous and current theoretical literature pertaining to this
topic.
Looking specifically at the results of the preventive care equations given in Table 3.3, many
of the individual and community-level results remain similar to Chapter 2, before endogenous
fertility was incorporated. The coefficients for age, gender, and birth order retain the same
sign and significance as previously observed, though the relative magnitude for the birth order
variable increases somewhat. Similarly, coefficients of the socioeconomic status quintile mea-
sures remain quite similar and as expected. Wealth continues to play a significant role in the
propensity of a family to seek early child health services. Furthermore, there are also no large
changes between the estimation that incorporates the fertility and the one that does not for
many of the community variables, including community wages and rent, distance to a primary
health care facility, and the distance from the district of birth to the current location.
Unlike the model with assumptions of exogenous fertility, however, the “Slum Status”
variable retains statistical significance after accounting for unobserved heterogeneity in both
the ANC and PNC equations. Meanwhile, the variables measuring the prevalence of piped
water and sewerage lose the statistical significance that they had in the estimation under the
assumption of exogenous fertility. While the flood prevalence variable retains its sign and
statistical significance, it becomes smaller in relative magnitude in this specification. These
differences suggest that potential multicollinearity between slum status and sanitation variables
could be affecting the results.
To investigate this possiblity, two sets of additional estimations were conducted: One which
excludes the slum status variable from the ANC, PNC, and fertility equations, and one which
excludes the sanitation variables but retains the slum indicator.13 The majority of the results
in all four equations stay the same in terms of sign, significance, and relative magnitude across
all three sets of estimates, with a few exceptions. When the slum status variable is excluded
13The slum indicator is a component of the location choice in the conditional logistic regression, and so was
never included on the right hand side in that equation.
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Table 3.3: Joint Estimation Results - Child Preventive Care, Chapter 3
Variable
Logistic Regression Coefficients
(Std. Err.)
Any Antenatal Care Any Postnatal Care for Child
Child Age -0.0864∗∗∗ -0.0597∗∗
(0.0261) (0.0241)
Child Gender -0.0778
(0.0711)
Birth Order -0.3932∗∗∗ -0.3776∗∗∗
(0.0792) (0.0980)
Socioeconomic Status Quintile
In SES quintile #2 0.3889∗∗∗ 0.4858∗∗∗
(0.0933) (0.1042)
In SES quintile #3 1.0894∗∗∗ 0.9786∗∗∗
(0.1199) (0.1091)
In SES quintile #4 1.9901∗∗∗ 1.5673∗∗∗
(0.1659) (0.1140)
In Wealthiest SES quintile 2.7594∗∗∗ 2.5879∗∗∗
(0.2477) (0.1397)
Number of children living in household 0.1528∗ 0.1614
(All mothers) (0.0852) (0.1027)
Slum Status -0.2614∗ -0.2917∗∗
(0.1420) (0.1144)
Community Prevalence (%) of:
Piped water, public tap, or deep tube well 0.2068 -0.1683
(0.1746) (0.1538)
Proper sewer drains 0.2189 0.1208
(0.1845) (0.1573)
Floods in the past 3 years -0.7897∗∗∗ -0.3739∗∗
(0.1613) (0.1471)
Average distance to the nearest PHC 0.0645 -0.0483
(0.1072) (0.0934)
Average hourly wage in community 0.0175 0.0076
(0.0132) (0.0119)
Average monthly rental rate paid in -0.0001∗∗∗ -0.0000
community (0.0000) (0.0000)
Distance from respondent’s district of
birth to the current location
-0.0032∗∗∗ -0.0022∗∗∗
(0.0004) (0.0004)
Intercept 1.5139∗∗∗ -0.4230
(0.4824) (0.3038)
Number of Mass Points 5
Likelihood Function Value -172864.08
Significance levels: ∗ : 10% ∗∗ : 5% ∗ ∗ ∗ : 1%
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from estimation, the variable measuring the prevalence of piped water remains virtually the
same in the ANC, PNC, and fertility equations, and remains of the same sign in the location
choice equation. It increases in relative magnitude and gains statistical significance (at the
1% level) in the location choice equation, however. In addition, the sewer prevalence variable
remains similar across specifications in the location choice equation, but becomes significant
in all three of the other equations where it previously was not.
The only appreciable difference between the original set of estimates and those that exclude
sanitation variables in the preventive care and fertility equations is that the slum status variable
gains statistical significance in the antenatal care equation (but remains of the same sign and
of a similar magnitude relative to the other coefficients). Also, the flood prevalence variable
loses a small amount of statistical significance in the postnatal care equation. Other than
the differences mentioned here, the results remain virtually the same across all three sets of
estimates. For this reason, the reader can remain confident in the general characteristics of
the estimates given here.
3.4.1 Specification Tests
In the preferred specification of this chapter, the distribution of household-level unobservables
was estimated jointly with the other parameters of the model using a semi-parametric discrete
factor method with five points of support. Table 3.4 presents a comparison of the likelihood
functions and estimated parameters from the model with and without the hetergeneity correc-
tion. Utilization of the discrete factor method added 340 parameters to the model, and resulted
in an improvement of the log likelihood function of approximately 96744.05. Estimated prob-
ability weights and heterogeneity parameters are given in Table B.6 in the appendix.
As observed in Table 3.5, a likelihood ratio test of the joint significance of all heterogeneity
parameters was conducted, yielding a p-value approaching zero. This is an indication that
the model incorporating heterogeneity parameters would be preferred over the model with
no heterogeneity correction. Comparison of both Akaike (AIC) and Bayesian (BIC) infor-
mation criterion for the two models also favored the specification incorporating unobserved
heterogeneity.
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Table 3.4: Log Likelihood and Parameter Comparisons, Chapter 3
Log Likelihood Function # of Parameters
Model w/Heterogeneity Correction -172864.93 483
Uncorrected Model -269608.98 143
Gain from Heterogeneity Correction 96744.05 340
Several other likelihood ratio tests were conducted to assess the credibility of the exclusion
restrictions and identification strategy for the fertility equation. The variables identifying
fertility separately from preventive care and location choices include measures of maternal
age, the number of children already born to a mother as of the previous year, the number
of primary health care facilities within 5 km of the community at each point in time, and
whether or not the firstborn child in a family is male (conditional on a first birth having
already occurred). Ideally, these variables will be strong predictors of fertility but insignificant
in the other equations of the model. As is evident from the large χ2 statistic in Table 3.5,
the fertility identifiers cannot be jointly excluded from the birth hazard equation. In addition,
the variables relating to the number of children already born to a mother, health care facility
density, and maternal age also exhibit a high level of statistical significance in the preferred
estimation of the fertility equation given in Table 3.1, another indication that these variables
are strong predictors of fertility.
Likelihood ratio tests conducted to assess the excludability of these variables from the other
estimation equations, however, are slightly less clear. While it is definitely the case that all of
these variables may be excluded from the antenatal care equation, as given by the χ2 statistic
of 6.62 and corresponding p−value of 0.251 in Table 3.5, the same statistic for the postnatal
care equation remains somewhat high. Upon further investigation, it was found that maternal
age was a statistically significant predictor of postnatal care receipt for children, while all other
identification variables remained insignificant in the PNC equation. To check the robustness
of the results, maternal age was included in the postnatal care equation and the estimation
procedure was repeated. The results of the new estimation did not differ substantially from the
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Table 3.5: Likelihood Ratio Specification Tests
Null Hypotheses
χ2 Test Statistic p-value
(Degrees of Freedom)
All heterogeneity parameters are jointly insignificant 193489.81 0.000
(340)
Fertility identification variables are jointly 2611.62 0.000
insignificant in fertility equation (5)
Fertility identification variables are jointly 6.62 0.251
insignificant in the ANC equation (5)
Fertility identification variables are jointly 26.62 0.001
insignificant in the PNC equation (5)
original estimates. In addition, even if all of the identification variables could not be excluded
from any of the equations, the nonlinearity of the discrete factor model has been shown to be
technically adequate for identification (Mroz, 1999). For these reasons, and because there is no
straightforward theoretical justification for including maternal age as a predictor of postnatal
care but not of antenatal care, the original estimation remains the preferred specification of
preventive care demand and fertility choice.
3.4.2 Marginal Effects and Policy Implications
In order to gauge the accuracy of the model’s predictions and to find out whether endoge-
nizing fertility has any substantive impacts on the results of the model, the mean values for
each preventive care outcome predicted by the model are compared with the actual values
occurring in the data. The first column of Table 3.6 gives the actual value of these outcomes
occurring in the data, while the second column shows the predictions generated by multiplying
all right-hand side variables by the predicted coefficient values (X ∗ βˆ) and integrating over
the unobserved heterogeneity parameters. As is evident from the table, the preferred specifi-
cation performs very well when predicting the values occurring in the data, with no significant
difference being observed between actual outcome values and values generated by the model.
In this sense, the model performs similarly to the estimation conducted in Chapter 2, though
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the predicted values displayed here are slightly higher than in Table 2.3.
Table 3.6: Predicted Probability Comparisons - Endogenous Fertility
Variable Actual Value Predicted Value
(Standard Error) (Standard Error)
Antenatal Care 0.7593 0.7640
(0.0066) (0.0060)
Postnatal Care 0.3894 0.4010
(0.0075) (0.0064)
Standard errors were bootstrapped with 1,000 replications. There were no significant dif-
ferences between predicted and actual values of either outcome at traditionally recognized
levels of significance.
The marginal effects of a variety of location and household characteristics on antenatal and
postnatal care demand appear in Tables 3.7 and 3.8, and the majority of these effects echo
the results given in Tables 2.2 and 3.3. Unlike the interpretation of logit coefficients, however,
the magnitude of these effects can be interpreted across estimation procedures, lending some
needed clarity in terms of potential policy impacts. The last column of both tables show the
marginal effects of each variable on preventive care demand when all equations are estimated
in isolation. The first and second columns of these tables display the same marginal effects
given by the simultaneous estimation of all equations under the assumptions of endogenous
and exogenous fertility, respectively.
Focusing on the results for antenatal care given in Table 3.7, one finds that incorporating
fertility into the analysis affects a few of the results substantially, while leaving others virtually
unchanged. In general, the results from Chapter 2 show that unobservable characteristics
affecting location choices may also affect preventive care demand hold true here as well, as the
largest differences in marginal effects occur between both joint estimations and the results of
the simple logistic regressions. It continues to be the case that community sanitation variables
such as the presence of piped water and sewer drains have a significant and positive impact
on antenatal care that does not appear when unobserved heterogeneity remains uncontrolled.
Relaxing the assumption of exogenous fertility, however, decreases the magnitude of both of
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these marginal effect substantially. The prevalence of flooding, on the other hand, seems to
negatively and substantially affect antenatal care demand regardless of the estimation methods
used. The marginal effects of these sanitation variables seem to indicate that when households
choose to live in areas conducive to child health, they are more likely to invest in preventive
care for their children. In this sense, community infrastructure seems to matter much more
than the availability of primary health care facilities, as a reduction in distance to such facilities
continues to have a negligible impact on the demand for antenatal care.14
One key difference between the simultaneous estimation under the assumption of exogenous
fertility and the estimation incorporating fertility choice is that the marginal effect of living
in a slum regained statistical significance that had been lost in the previous specification.
This result adds a new dimension to the discussion of slum environments, as it is no longer
necessarily clear that living in a slum does not affect preventive care demand after accounting
for community sanitation and infrastructure. The magnitude of this marginal effect, however,
still remains lower than in the case without any considerations of endogenous location choice
or fertility. More work remains to be done to discover the true impacts of slum life on health
care choices.
When examining the marginal effects for postnatal care given in Table 3.8, many of the
same trends observed for antenatal care continue to persist. Community sanitation variables
continue to have significant impacts, though the marginal effect of piped water on postnatal
care receipt changes in sign in the most recent specification. As before, the existence of flooding
remains a strongly negative predictor of preventive care demand, and the marginal effect of
slum status regains the significance it had previously lost. Variables measuring the availability
of primary health care facilities in the community continue to have no measurable impact on
utilization across all estimation methods and regardless of the way that they are measured.
The incorporation of endogenous fertility into the analysis allows us to examine the marginal
effects of variables that may previously have been viewed with suspicion given the potential
for bias resulting from the implicit trade offs between the quantity and quality of inputs to
14Though not reported here, the same trend persists for the marginal effects of facility density as well.
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Table 3.7: Marginal Effects of Select Characteristics on Antenatal Care Demand
Antenatal Care
Variable
Joint Estimation, Joint Estimation,
Endogenous Fertility Exogenous Fertility Simple Logit
Slum Status -0.0382∗∗∗ -0.0280 -0.0502∗∗
(0.0083) (0.0243) (0.0243)
Piped Water 0.0304∗∗∗ 0.1280∗∗∗ 0.0157
(0.0084) (0.0290) (0.0261)
Sewer Drains 0.0326∗∗∗ 0.0565∗∗ 0.0195
(0.0083) (0.0279) (0.0270)
Flood Prevalence -0.1236∗∗∗ -0.1344∗∗∗ -0.1048∗∗∗
(0.0083) (0.0288) (0.0243)
Reduction in Distance -0.0051 -0.0012 -0.0022
to a PHC (0.0085) (0.0121) (0.0122)
Increase in Birth Order -0.0617∗∗∗ -0.0363∗∗∗ -0.0364∗∗∗
(0.0084) (0.0102) (0.0107)
Standard errors were bootstrapped with 1,000 replications, and are reported in paren-
theses. ∗∗∗, ∗∗, and ∗ represent statistical significance at the 1%, 5%, and 10% levels,
respectively.
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children. The marginal effects of birth order are one example where this may be case. Looking
at the bottom row of Tables 3.7 and 3.8, one finds that a single child increase in birth order
(changing from the second born child to the third born child, for example) has a substantial
negative impact on the likelihood that a child will receive either type of preventive care. It is
also interesting to note that accounting for endogenous fertility increases the impacts of birth
order by approximately 70-110% for both preventive care types. This is consistent with the
relationship between son preference and investments in children noted in the literature review.
Rather than a general bias against female children, these results appear to support the idea
that the distribution of child health investments within a household is selective, and dependent
on the existing family structure.
Table 3.8: Marginal Effects of Select Characteristics on Postnatal Care Demand
Postnatal Care
Variable
Joint Estimation, Joint Estimation,
Endogenous Fertility Exogenous Fertility Simple Logit
Slum Status -0.0552∗∗∗ -0.0263 -0.0563∗∗∗
(0.0095) (0.0247) (0.0241)
Piped Water -0.0309∗∗∗ 0.0706∗∗ -0.0216
(0.0091) (0.0309) (0.0277)
Sewer Drains 0.0223∗∗ 0.0591∗∗ 0.0112
(0.0092) (0.0290) (0.0274)
Flood Prevalence -0.0677∗∗∗ -0.1082∗∗∗ -0.0530∗∗
(0.0092) (0.0308) (0.0269)
Reduction in distance 0.0052 0.0003 0.0017
to a PHC (0.0091) (0.0127) (0.0129)
Increase in Birth Order -0.0668∗∗∗ -0.0323∗∗∗ -0.0313∗∗∗
(0.0088) (0.0110) (0.0114)
Standard errors were bootstrapped with 1,000 replications, and are reported in paren-
theses. ∗∗∗, ∗∗, and ∗ represent statistical significance at the 1%, 5%, and 10% levels,
respectively.
From a policy perspective, these results seem to support the previous chapter’s assertions
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that future investments in child health at the community level should focus on basic infrastruc-
ture improvements rather than an increase in preventive care supply through the construction
of additional health care facilities. While the presence of basic community services such as
piped water and sewer drains continue to have a substantial effect on perinatal care demand,
an increase in facility availability seems to change these decisions very little on the margin.
The changes in marginal effects of slum status across estimation method seem to indicate that
this variable is more complicated than initially anticipated in some sense, and future work
must be done to parse out the true effects of slum status. It may be a case, for example,
that large slums with thousands of residents might be intrinsically different in terms of their
impacts on community interactions and built environment than small slums with only a few
hundred residents. Other types of variation within and across slum clusters could also be
impacting these results. Regardless of the factors underlying the differential effects of slum
life, this work has shown that accounting for the location decisions of a household is no simple
endeavor, and that social science researchers should carefully weigh these issues when planning
future analyses of health care in developing countries.
3.5 Conclusions
The urbanization of the developing world has made location-specific considerations an integral
component of the decisions that households make every day in poor countries. The implications
of migration and residential choices are especially acute in population dense areas like urban
Bangladesh, where these demographic changes have resulted in a vast expansion of slums and
informal settlements. While contemporary development research recognizes the importance of
these changes, much of the literature is still in the process of “catching up” in the way that it
studies the choices of poor urban households. In many cases, location characteristics are still
considered as exogenous factors in a family’s optimization problem, resulting in potentially
flawed estimates and subsequently imprecise policy implications. Given the significance of
these problems and the high stakes involved for development policy, these are issues in serious
need of correction.
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This dissertation provides an impetus by which such correction can begin, changing the
perception of the economics profession in its treatment of residential choices. Rather than
treating locational characteristics as exogenous, here the location decision is a crucial com-
ponent of the household decisions. Furthermore, unlike previous studies which are unable to
thoroughly examine the nuances associated with slum habitats due to a lack of data, this work
utilizes a new and exceptional dataset that allows the unique challenges of slum life to be
tackled directly.
Integrating these location choices into the analysis of health care choices provides a consid-
erable number of insights and contributions to the existing literature. Unlike previous studies
of facility placement in rural areas, the availability of primary health care facilities in the urban
setting is shown to have very little impact on a household’s decision to provide preventive care
to children. In contrast, other characteristics of a community, especially the tendency for an
area to flood, appears to matter much more for a family’s propensity to seek antenatal and
postnatal care services.
Perhaps the most remarkable finding of this work is that unobserved household charac-
teristics are shown to have dramatic effects on both the location decision and the fertility
and preventive care choices of a given household. The substantial differences in the estimated
marginal effects of community infrastructure variables (such as piped water, sewer drains, and
flooding) between the joint estimations that account for endogenous location and the simple
estimation that does not, show that these considerations are indeed vital to the understanding
of health care choices in developing countries. Though the heterogeneity parameters cannot be
interpreted directly, it is definitely the case that there are some aspects of households that are
unobserved to the researcher and affect both location and child health care decisions. Account-
ing for these unobservables, then, is necessary in research that can uncover the true marginal
effects of location characteristics on preventive care demand.
Those who are tasked with the formulation of developing country health policy can learn
some important lessons from this research. First, the results unequivocally show that the con-
struction of additional health-care facilities is not necessarily the most cost-effective method
by which to increase preventive care demand. Rather, developing country governments should
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focus on the improvement of infrastructure in urban areas. When children grow up in an envi-
ronment with decreased flood prevalence and improved sanitation, this serves as a complement
to early investments in preventive care. When parents realize that their chosen environment
improves their children’s chances of success, they are more likely to invest in preventive care
goods that allow children to thrive. In this way, this research provides meaningful implications
for health policy in the years to come.
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Appendix A
Additional Theory
A.1 Theoretical Model Details - Chapter 2
Recall from Section 2.2 of the paper that a household begins the period by making a location
decision, and then proceeds to make a preventive care choice conditional on location, taking
disposable income as given. To illustrate the implications of this model, consider a household
with only one child birth (B = 1) and two moving choices (to move to location k1 6= k0, or to
remain in location k0). With these assumptions, the expected utility function conditional on
moving is given by:
E [U(X,N,H)|k1 6= k0] = φk1,S · U
(
XOne, HOne|N = 1) (A.1)
+ (1− φk1,S) · U
(
XNone, HNone|N = 0) ,
and the expected utility conditional on remaining in the same area is given by:
E [U(X,N,H)|k0] = φk0,S · U
(
XOne, HOne|N = 1) (A.2)
+ (1− φk0,S) · U
(
XNone, HNone|N = 0) .
H(·) is assumed to be an increasing function of each surviving child’s health, hi(·). In the case
where N = 0 (no surviving children present in the household), the health status of surviving
children is equal to zero:
HNone = H(0) = 0
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In the case of one surviving child, the health status of all children is equal to the health of the
lone survivor, or:
HOne = H
(
hi(α, di, vi, S|ni = 1)
)
= hi (α, di, vi, S|ni = 1)
Thus, equations (A.1) and (A.2) can be rewritten as:
E [U(X,N,H)|k1 6= k0] = φk1,S · U
(
Xk1 , hi (α, di, vi, S) |N = 1
)
(A.3)
+ (1− φk1,S) · U
(
Xk1 |H = 0, N = 0
)
and
E [U(X,N,H)|k0] = φk0,S · U
(
Xk0 , hi (α, di, vi, S) |N = 1
)
(A.4)
+ (1− φk0,S) · U
(
Xk0 |H = 0, N = 0
)
.
For simplicity, denote E [U(X,N,H)|k1 6= k0] as EUk1 and E [U(X,N,H)|k0] as EUk0 . Then,
given all of the simplifying assumptions described above, the Lagrangians of the constrained
maximization problem for locations k1 (L k1) and k0 (L k0)are given by:
L k1 =φk1,S · U
(
Xk1 , hi (α, di, vi,k1 , S) |N = 1
)
+ (1− φk1,S) · U
(
Xk1 |H = 0, N = 0
)
(A.5)
+ λk1 [A0 + wk1ψ − r (k1, S)−M (Distf,k)− pxXk1 − pvvi,k1 ]
and
L k0 =φk0,S · U
(
Xk1 , hi (α, di, vi,k0 , S) |N = 1
)
+ (1− φk0,S) · U
(
Xk0 |H = 0, N = 0
)
(A.6)
+ λk0 [A0 + wk0ψ − r (k0, S)− pxXk0 − pvvi,k0 ] .
Note that consumption and preventive care decisions in the model are made subsequent to the
location decision, but before the survival of the child is known with certainty. Thus, X and
v are allowed to vary across locations, but not across child survival states. In other words, a
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parent could invest preventive care in a child (such as a postnatal care visit) without the child
living to accrue the full health benefits of that preventive care investment.
A.1.1 Comparative Statics - Moving Costs
Assume that a household is just indifferent between moving to location k1 or remaining in
location k0, or that EUk0∗ = EUk1∗. As observed in equation (A.6), these moving costs would
not enter the expected utility function of a non-moving household, so ∂EU
k0∗
∂M(Distk0k1)
= 0. Using
the envelope theorem and equation (A.5), we know:
∂EUk1∗
∂M (Distk0k1)
=
∂L k1
∂M (Distk0k1)
= λk1 · [−1] < 0. (A.7)
Thus, EUk0∗ < EUk1∗ after M (Distk0k1) rises, so an increase in moving costs causes the
marginal (indifferent) household to remain in the current location rather than change locations.
Therefore, ceteris paribus, an increase in moving costs leads to a decrease in the probability
that a household will change locations. This result is generalizable to cases of multiple births
within a household and multiple location choices, though the calculations associated with
deriving such a result are more complex.
A.1.2 Comparative Statics - Child Survival Probabilities
We can use a similar procedure to the one above to show that an increase in the child survival
probability of one location over another (φk1,S > φk0,S), such as a decrease in typhoid from an
increase in piped water, for example, would lead to an increase in the propensity for a family
to move to that location over another.
Again assume that a particular household is just indifferent between moving and remaining
in the same location, or that EUk0∗ = EUk1∗. Unlike the situation with respect to moving
costs, child survival probabilities enter both equations for expected utility. If, however, φk1,S
increases while φk0,S remains constant, then we simply need to examine the effect of a change in
φk1,S on this equality. Incorporating the envelope theorem once again, we see that
∂EUk0∗
∂φk1,S
= 0,
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and:
∂EUk1∗
∂φk1,S
=
∂L k1
∂φk1,S
= U
(
Xk1 , hi (α, di, vi,k1 , S)
∣∣∣N = 1)− U (Xk0∣∣∣H = 0, N = 0) . (A.8)
We know from the original theoretical framework that U(X,N,H) is assumed to be increasing
in both the quantity (N) and health status (H) of children. Thus, for a given level of X,
U
(
Xk1 , hi (α, di, vi,k1 , S) |N = 1
)
> U
(
Xk0 |H = 0, N = 0). Thus, ∂EUk1∗∂φk1,S > 0. Therefore,
an increase in the probability of child survival in location k1 over location k0 would cause a
household that was previously indifferent to now prefer moving to k1 over remaining in k0.
In other words, an increase in the relative probability of child survival in one location, ceteris
paribus, increases the probability of moving to that location.
It is important to recall that this model is setup such that a household begins by choosing
location, then makes decisions with respect to preventive care conditional on the location
decision, but before child survival is known with certainty . Hence, once a family has moved to
a particular location, such an increase in child survival probabilities will have an indeterminate
effect on the quantity of preventive care purchased for each child (vi). This effect could be
determined by specifying a functional form for utility and health production, and then using
comparative statics to examine the partial and total derivatives of vi on the fully specified
model. If utility and health production is specified, then the demand for child preventive care
would depend on the specific parameters of those utility and production functions, such as the
elasticity of substitution between inputs.
A.2 Theoretical Model Details - Chapter 3
A.2.1 The Childbearing Decision
With a few simplifying assumptions, we can use the model described in Section 3.2 to derive a
general equation that describes the decision to give birth for representative family at a given
point in time t. Consider a household living in location k with Nt children in year t, who is
choosing whether to give birth to one additional child. For purposes of simplicity, assume that
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parents are not forward-looking in the sense that at time t, they optimize only taking into
account expected utility in period t + 1 and not thereafter. Recall that the probability of a
given child’s survival in location k is exogenously given by φk,S . Assuming that all previous
children have survived, the expected utility function conditional on giving birth in period t+1
can be written as1:
E [U(X,N,H)|bt = 1]t+1 = φk1,S · U
(
X1, H1(h1, . . . , hN+1)
∣∣Nt+1 = Nt + 1) (A.9)
+ (1− φk,S) · U
(
X1, H1(h1, . . . , hN )
∣∣Nt+1 = Nt) ,
and the utility function conditional on choosing not to give birth in period t can be written
as:
U(X,N,H)|bt = 0)t+1 = U
(
X0, H0(h1, . . . , hN )
∣∣Nt+1 = Nt) . (A.10)
For ease of notation, denote the expected utility function given by (A.9) as EU b=1 and the
utility function given by (A.10) as U(·)b=0. It follows that a representative family will choose
to give birth to one additional child in this situation if:
EU b=1,∗ ≥ U(·)b=0,∗ .
Substituting the constraints outlined in Section 3.2, this inequality holds if:
φk,S ·U
(
Y dt − pvV − pct (Bt−1, Nt−1, Tk,t, aˆf )
px
, H
(
h1 (α, d1, v1, S) , . . . , hNt+1 (·)
)∣∣∣Nt+1 = Nt + 1)
+(1− φk,S)U
(
Y dt − pvV − pct (Bt−1, Nt−1, Tk,t, aˆf )
px
, H
(
h1 (α, d1, v1, S) , . . . , hNt (·)
)∣∣∣Nt+1 = Nt)
≥ U
(
Y d − pvV
px
, H (h1 (α, d1, v1, S) , . . . , hNt (·))
∣∣∣Nt+1 = Nt) ,
where all utility functions are evaluated at the optimal levels of all endogenous variables
(X∗, V ∗, etc.) given the constraints. Given the inequality above, it is evident that the decision
1For notational purposes, let X1, H1, etc. denote the level of X consumed in the case where family decides
to give birth in a particular year (bt = 1), and X
0, H0, etc. denote the level of X consumed in the case where
a family decides not to give birth (bt = 0).
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to have a child depends on a variety of different maternal, household, and community char-
acteristics. These include maternal age (aˆf ), disposable household income (Y d), community
slum status and sanitation variables (S), family-specific preferences and/or health endowments
(α), the number of children already in a household and their characteristics (Nt−1 and di),
and the availability of early childhood and reproductive health services (Tk,t). Writing this
relationship in a simplified equation form, we have:
b∗t = b
∗
t
(
α, aˆf , Nt−1, di, Tk,t, Y d
)
. (A.11)
A.2.2 Comparative Statics - Fertility and the Costs of Childbirth
We can use this simplified model to show that an increase in the costs of childbearing reduces
the propensity for a representative family to have children at the margin. Denote the La-
grangians of the constrained maximization problem where bt = 1 and bt = 0 as L 1 and L 0,
respectively. Then given (A.9) and (A.10), as well as all of the other simplifications above, L 1
and L 0 can be written as:
L 1 = φk,SU
(
X1, H1 (h1, . . . , hNt+1)
∣∣∣Nt+1 = Nt + 1) (A.12)
+ (1− φk,S)U
(
X1, H1 (h1, . . . , hNt)
∣∣∣Nt+1 = Nt)
+ λ1
[
δA0 + wkψ − r (k, S)−M (Distk)− pct (Bt−1, Nt, Tk,t, aˆf )
]
and
L 0 = U
(
X0, H0 (h1, . . . , hNt)
∣∣∣Nt+1 = Nt) (A.13)
+ λ0
[
δA0 + wkψ − r (k, S)−M (Distk)
]
.
Facility Availability
Consider the “marginal” family, who is just indifferent between having a child (bt = 1) or not
(bt = 0). For this family, we know from above that EU b=1,∗ = U b=0,∗. Assume that an increase
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in facility availability (nonstrictly) decreases the costs associated with childbirth, or:
∂pct(·)
∂Tk,t
≤ 0 .
Because a family who decides not to have a child in a given year incurs no costs of childbirth,
we know:
∂U(·)b=0,∗
∂Tk,t
= 0 .
Using equations (A.12) and (A.13) above and the envelope theorem, we find that:
∂EU b=1,∗
∂Tk,t
=
∂L 1
∂Tk,t
= −λ1 · ∂p
c
t(·)
∂Tk,t
≥ 0 .
Thus, EU b=1,∗ ≥ U(·)b=0,∗ when Tk,t rises, so an increase in facility availability causes the
previously indifferent household to choose to have an additional child.
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Appendix B
Supplementary Tables
B.1 Additional Tables for Chapter 2
Table B.1: Comparison of Sample Means
Variable Original Sample Estimation Sample Difference
Household Slum Status 0.606 0.599 0.007
Gender 0.493 0.495 -0.002
Birth Order 2.251 2.230 0.021
Migrant Status 0.739 0.736 0.003
Maternal Education (In Years) 4.842 4.932 -0.090
Household SES Quintile 2.597 2.617 -0.020
Sample Size 4,577 4,396 181
The means between the two samples were compared using a simple t-test. No significant differences
were found between any of the means at any traditionally recognized level of significance.
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Table B.2: Unobserved Heterogeneity Parameters - Joint Estimation
Point of Support
Probability
Weight
Location
Equation∗
ANC
Equation
PNC
Equation
1 0.0345 Normalized to zero
2 0.1247 -3.201 -0.559 0.462
(0.808) (0.378) (0.335)
3 0.0693 -11.801 0.086 0.991
(1.302) (0.413) (0.374)
4 0.2083 -0.417 0.070 1.522
(0.846) (0.371) (0.310)
5 0.1972 -17.349 -0.724 0.308
(2.381) (0.370) (0.321)
6 0.1251 -16.641 -0.968 -0.299
(1.468) (0.369) (0.365)
7 0.0359 -12.956 -1.151 -0.005
(1.407) (0.419) (0.418)
8 0.0570 -11.681 2.152 2.698
(1.576) (0.689) (0.393)
9 0.1480 -2.614 0.865 1.731
(1.017) (0.402) (0.341)
∗Heterogeneity parameters reported for the mixed logit regression are for the choice
of the second location relative to the first location (base outcome). All other sets of
parameters for this equation are available. Standard errors are given in parentheses.
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Table B.3: Preliminary Regressions - Child Preventive Care
Variable
Logistic Regression Coefficients
(Std. Err.)
Any ANC Any PNC for Child
Child Age -0.0952∗∗∗ -0.0698∗∗∗
(0.0259) (0.0237)
Child Gender -0.0816
(0.0697)
Birth Order -0.2361∗∗∗ -0.1780∗∗∗
(0.0386) (0.0372)
Socioeconomic Status Quintile
In SES quintile #2 0.4045∗∗∗ 0.5006∗∗∗
(0.0925) (0.1033)
In SES quintile #3 1.0985∗∗∗ 0.9976∗∗∗
(0.1192) (0.1080)
In SES quintile #4 2.0183∗∗∗ 1.6265∗∗∗
(0.1676) (0.1142)
In Wealthiest SES quintile 2.7695∗∗∗ 2.6356∗∗∗
(0.2457) (0.1395)
Number of children living in household -0.0286 -0.0772∗∗∗
(All Mothers) (0.0367) (0.0313)
Slum Status -0.3333∗∗∗ -0.3080∗∗∗
(0.1377) (0.1117)
Community Prevalence (%) of:
Piped water, public tap, or deep tube well 0.1108 -0.1178
(0.1671) (0.1468)
Proper sewer drains 0.1416 0.0705
(0.1764) (0.1511)
Floods in the past 3 years -0.6762∗∗∗ -0.3024∗∗
(0.1519) (0.1426)
Average distance to the nearest PHC 0.0231 -0.0219
(0.1053) (0.0900)
Average hourly wage in community 0.0203 0.0195∗
(0.0131) (0.0113)
Average monthly rental rate paid in community -0.0001∗∗∗ -0.0000
(0.0000) (0.0000)
Distance from respondent’s district of
birth to the current location
-0.0032∗∗∗ -0.0024∗∗∗
(0.0004) (0.0004)
Intercept 1.6747∗∗∗ -0.4879∗
(0.3345) (0.2926)
χ2(13) 817.93 1058.43
Significance levels: ∗ : 10% ∗∗ : 5% ∗ ∗ ∗ : 1%
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Table B.4: Preliminary Regressions - Location Conditional Logit
Variable Coefficient (Std. Err.)
Average hourly wage in community 0.015 (0.013)
Average monthly rental rate paid in community -0.001∗∗∗ (0.000)
Average level of tenure security in the community 1.495∗∗∗ (0.230)
Average safety rating in the community -1.191∗∗∗ (0.247)
Sanitation variables - Prevalence of (%):
Piped water, public tap, or deep tube well 0.672∗∗∗ (0.154)
Proper sewer drains -1.767∗∗∗ (0.147)
Floods in the past 3 years 0.675∗∗∗ (0.153)
Percentage of mohallas experiencing:
Any construction in the past 3 years -1.664∗∗∗ (0.176)
Road construction in the past 3 years 0.043 (0.200)
Distance Variables (In kilometers)
Average distance to the nearest PHC 0.587∗∗∗ (0.094)
Distance from district of birth to the current location -0.013∗∗∗ (0.000)
Location-Socioeconomic Status Interactions Included1
Sample Size 4396
Pseudo-R2 15.63%
1As a household-level variable, it was necessary to fully interact socioeconomic status with each of the 82
location choices, yielding 81 additional parameters not reported here. These parameter estimates will gladly
be provided upon request.
Significance levels : ∗ : 10% ∗∗ : 5% ∗ ∗ ∗ : 1%
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B.2 Additional Tables for Chapter 3
Table B.5: Preliminary Birth Hazard Regression
Variable
Occurrence of a Birth in a Given Year
Logit Coefficient (Standard Error)
Number of children already born to mother (lagged) 0.0963∗∗∗ (0.0096)
Firstborn child in family is male1 -0.0830∗∗∗ (0.0289)
Maternal Age 0.5348∗∗∗ (0.0142)
Maternal Age Squared -0.0101∗∗∗ (0.0003)
Socioeconomic Status Quintile
In SES quintile #2 -0.0708∗∗∗ (0.0320)
In SES quintile #3 -0.1658∗∗∗ (0.0361)
In SES quintile #4 -0.3323∗∗∗ (0.0385)
In Wealthiest SES quintile -0.4695∗∗∗ (0.0427)
Number of primary health care facilities within 5km -0.0029 (0.0088)
of community in previous year
Slum Status -0.0354 (0.0431)
Community Prevalence (%) of:
Piped water, public tap, or deep tube well 0.0202 (0.0515)
Proper sewer drains -0.0927 (0.0579)
Floods in the past three years -0.0447 (0.0552)
Average hourly wage in community 0.0037 (0.0041)
Average monthly rental rate paid in community 0.0000 (0.0000)
Distance from respondent’s district of birth to the
current location
0.0004∗∗∗ (0.0001)
Currently living in destination location 0.2312∗∗ (0.0949)
Intercept -8.2134∗∗∗ (0.1662)
Number of Woman-Year Observations 63,345
Number of Women in Sample 4372
Pseudo-R2 6.14%
χ2(17) 3217.30
Significance levels: ∗ : 10% ∗∗ : 5% ∗ ∗ ∗ : 1%
1This variable is conditional on a first birth having already occurred in a family.
81
Table B.6: Unobserved Heterogeneity Parameters - Joint Estimation, Chapter 3
Point of Support
Probability
Weight
Location
Equa-
tion∗
ANC
Equation
PNC
Equation
Fertility
Equation
1 0.3947 Normalized to zero
2 0.1282 207.32 0.251 0.178 0.014
(719.01) (0.130) (0.122) (0.038)
3 0.1489 316.58 -0.108 0.015 0.033
(462.58) (0.117) (0.117) (0.035)
4 0.1925 -81.91 0.052 0.124 0.012
(177.52) (0.116) (0.102) (0.032)
5 0.1357 216.64 0.104 0.317 -0.030
(897.21) (0.136) (0.114) (0.037)
∗Heterogeneity parameters reported for the mixed logit regression are for the choice of the second
location relative to the first location (base outcome). All other sets of parameters for this equation
are available. Standard errors are given in parentheses.
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Appendix C
Reference Maps and Figures
C.1 Theoretical Model Timelines
Figure C.1: Model Timeline - Endogenous Fertility, Chapter 3
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Figure C.2: Model Timeline - Exogenous Fertility, Chapter 2
Slum or Non-Slum Area
Preventive Care Choices 
Location Choices
Disposable Income (Y
D
) = Income – Housing Costs
Beginning of the Period
Outcomes
Community k
(Thana)
Non-Slum Area 
(S=0)
· Wages vary by community.
· Rental rates vary by community and slum status.  Slums are associated with lower 
rental rates, and lower (expected) child health associated with lower quality 
housing, poor sanitation, etc.
· The probability of child survival (Φk) varies by community.
Slum Area
(S=1)
· Conditional on location and the number of children living in the household at the 
time of interview.
· Individual child equations, based on age, gender, birth order, etc.
Health of Surviving 
Children (H)
Number of Surviving 
Children (N)
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C.2 Reference Maps of Bangladesh
Figure C.3: District Map of Bangladesh
1
1Special thanks to Brian Frizzelle at the spatial analysis unit of the Carolina Population Center, who assisted
in the creation of this map.
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Figure C.4: Sample CMS Ward Map
2
2Source: Slums of Urban Bangladesh: Mapping and Census, 2005, p. 24
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